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ABSTRACT
Trade Liberalization, Structural Change, and Technical Efficiency
by
Li Zhao

Advisor: Thom Thurston
A recent and growing literature analyzes differential growth across regions of Asia, Latin
America, and Sub Saharan Africa. The structural change of labor reallocation is an important
determinant of growth in developing countries having large productivity gaps across sectors within
the border. Therefore, sectoral characteristics are still an important determinant of cross-region
studies. In addition, it is well-known that labor reallocation across economic sectors does not
automatically occur without external shocks, especially from international trade.

However, recent studies debate the importance of trade policy as more research focuses on
the cost of transportation and communication in international trade and economic geography
(Goldberg and Pavcnik, 2016). I contribute to this discussion by providing the evidence of
technical efficiency (TE) improvement and labor reallocation induced by lower trade protections
and export specialization.
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Chapter 1
TRADE OPENNESS AND TECHNICAL EFFICIENCY

Abstract
This paper studies the effect of comparative advantage in manufacturing exports and
research and development (R&D) transferred from foreign countries on domestic technical
efficiency (TE). I model the production frontier for 31 countries from 1990 – 2014 in Latin
America and Asia using the approach of Stochastic Frontier Analysis (SFA) to estimate the
technical efficiencies in different countries and across regions. The results show that if an economy
specializes more in manufacturing production, it has higher technical efficiency. The reductions
of import tariffs increase domestic competition and therefore raise domestic technical efficiencies.
The transferred foreign R&D also has a positive and significant effect on technical efficiency.
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I. Introduction
Trade liberalization increases productivity through more efficient labor reallocation across
economic sectors due to tougher domestic competition and by upgrading and adopting transferred
advanced technology. When the assumption of fully efficient production is relaxed, technical
efficiency (TE) becomes an important part of total factor productivity (TFP) and should not be
ignored. Technical efficiency (TE) refers to the capability for a production unit to avoid waste by
producing as many outputs for given inputs and technology. TE is a component of total factor
productivity (TFP). TFP is a ratio of outputs to inputs and captures factor market distortion, return
to scale, technical change, and technical efficiency (Lucia Foster, John Haltiwanger, and Chad
Syverson (2008), Chang-Tai Hsieh and Peter Klenow (2009), and Bernard, Stephen Redding, and
Peter Schott (2010)). There are a large number of studies on the effects of trade liberalization on
TE. However, this strand of literature focuses on firm-level studies. Only a few studies concentrate
on economy-wide TE. In this paper, I estimate the effects of trade liberalization on TE for countries
in Asia and Latin America.
In a firm and micro-level study, the determinants of technical efficiency include the market
competition and firms’ characteristics that allow slack in input usages, such as firms’ age and size,
managerial skills, and workers’ incentives of making efforts (Page, 1980). At the national level,
market competition is additionally affected by unproductive profit-seeking activities associated
with macroeconomic policies. Unproductive profit-seeking means to increase a producer’s market
share of existing wealth without creating new wealth. These activities impose disadvantages on
competition. For example, a lobbyist who has the incentive to obtain domestic market share makes
efforts to increase trade protection (Bhagwati, 1982). Therefore, an economy may underutilize
production factors and technical know-hows even though they can access the same advanced
2

technology in the world market. Technical efficiency also depends on the domestic absorptive
capacity (Fagerberg, 1994; Griffith et al.,2004) which refers to the ability to adopt new products,
operating process, the knowledge associated with innovation embodies in the imported products
and machinery, and upgrading the quality of old products and production process (learning-byexporting) (Clerides et al., 1998).
Fierce competition in the world market motivates exporters to lower their costs and reduce
waste in the production process. Firms increase workers’ proficiency and adopt advanced
managerial practices to reduce x-inefficiency (Goldberg & Pavcnik, 2016), which is the deviation
of actual costs away from potential costs caused by imperfect competition. The increased revenue
in the export sector creates incentives for exporters to upgrade and adopt advanced foreign
technology (Bustos, 2011). The technology-adoption activities, in turn, increase the stock of
domestic knowledge and improve the domestic absorptive capacity of advanced technology. These
learning-by-doing activities increase the TE of firms. Export specialization, in its comparative
advantage sector, helps firms to produce at lower marginal cost, increase the possibility of
upgrading technology and enhance the endogenous growth process. The learning-by-doing effects,
in turn, intensify the pattern of comparative advantage.
Why manufacturing? Manufacturing has higher income elasticity than agriculture and raw
material production sector, according to Engel’s law (Matsuyama 1992). Manufacturing has
increasing returns to scale in developing countries. It also has a larger GDP share relative to
agriculture and raw material industries. An increase in manufacturing TE can drive up aggregate
TE level. Also, it is less affected by uncontrollable natural disasters compared to agriculture.

3

Countries have different comparative advantages in production and specialize in different
industries. The different characteristics of industries bring about the different patterns of economic
growth. Developing countries are integrated into the world economy in different manners. Latin
American countries specialize in raw material production, while most Asian countries have
manufacturing as one of their most prominent sectors. The motivation of this paper is to provide
evidence that the pattern of export specialization is an essential determinant of TE across regions.
This paper examines the effects of export patterns on TE to explain the productivity differences
across regions.
From the import side, trade liberalization is featured by reductions in trade protection. The
reductions in tariffs on final products increase domestic competition, and thus firms reduce
technical inefficiency to improve their productivity. The input tariff reductions help transfer the
foreign advanced technology embodied in the imported machinery and equipment. The adoption
of foreign technology also helps to improve the utilization of given technology (Tybout, 1991;
Schor, 2004). The removal of non-tariff barrier measurement reduces the lobbyists’ activities of
rent-seeking with high protections in some industries. The released production factors shift to
export industries.
Existing literature mainly focuses on technology transfer embodied in imported products.
Some of them examine the effects of trade share in GDP on TE instead of using trade policies
(Wang & Wong, 2012). There are less evidences on the effect of export patterns on TE. I fill in
this gap by estimating the effect of trade protections, which are represented by tariff rates and nontariff barrier measurements (NTM). In addition, I use the index of revealed comparative advantage
(RCA) to capture export specialization and estimate its effect on TE. To estimate TE for each
country in each year, I use the approach of one-stage stochastic frontier analysis (SFA). This
4

approach has an advantage in that it simultaneously estimates all parameters including the
coefficients of trade protection, export specialization, and transferred technology.
My study is related to the literature of export specialization and economic growth. The
early study states that manufacturing expands endogenously and drives up aggregate growth due
to increasing return to scale and higher income elasticity of demand relative to agriculture (Kaldor,
1966). Countries with abundant natural resources experience a low growth rate (Sachs and Warner,
1995).

Lee (2011) finds that export specialization in high-technology production increases

economic growth using cross-country industry-level panel data. In a recent study, Mayer, Melitz,
and Ottaviano (2016) find that stronger competition due to the demand shocks in export markets
induces exporters in France to specialize their production to their best-performing products and
increase economy-wide productivity. My results are consistent with the conclusion in Mayer,
Melitz, and Ottaviano (2016) that export specialization in manufacturing in Asia increases
aggregate productivity. Additionally, I find that the export specialization in manufacturing in Latin
American countries does not affect aggregate TE significantly. This result is consistent with those
in Sachs and Warner (1995).
Trade liberalization involves declines in trade protections. When studying the relationship
between trade liberalization and economic growth, many studies use trade share in GDP as a
measurement of trade openness (Frankel & Romer, 1999; Ortega & Peri, 2014). Tybout et al.
(1991) use effective protection rates as trade openness measurements to investigate the effects of
trade reforms on industrial technical efficiencies with plant-level data for 21 industries in Chile in
1967 and 1979. They find a negative correlation between trade protection and efficiency.

5

Henry et al. (2009) adopt the approach in Sachs and Warner (1995) to construct an
openness indicator based on five trade barrier variables. They find that a higher openness level
improves TE. This paper views international trade as a conduit for foreign R&D stock spillover in
the production frontier because foreign R&D stock of knowledge can be embedded in imported
goods. This idea of using international trade as a conduit facilitating technology transfer has been
adopted by other papers (Wang & Wong, 2012; Krammer,2014; Danquah, 2018). Results in these
papers show that the amount of embedded R&D stock in the import products is positively related
to technical efficiency.
I use actual tariff rates and non-tariff barrier measurements as independent variables
instead of an openness indicator. These trade policy variables capture the effect of competition on
TE due to a trade protection reduction. An index of revealed comparative advantage (RCA)
represents the export specialization. This paper specifies a stochastic frontier model with lagged
trade variables for thirty-one developing countries. The sample period covers from 1990-2014. I
find that trade protection variables affect TE negatively, whereas export specialization
measurement has a significant positive effect on TE.
Section 2 reviews the empirical work on trade liberalization and technical efficiency.
Section 3 defines the related concepts and reviews the theory of technical efficiency. Model
specification is in section 4. The results are presented in Section 5. Section 6 provides the
hypothesis tests, robustness checks, and discussion of two-step or one-step estimation. Finally,
Section 7 concludes this paper.
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II. Literature Review
This section reviews the papers that concentrate on the effects of trade liberalization on
technical efficiency through export specialization, trade barrier reductions and transferred foreign
R&D stock.
In the neoclassical model, technology is assumed to be an exogenous variable. Output
growth comes from production factors changes (Solow 1957). Endogenous growth theory argues
that investment in R&D activities is an essential source of technological innovations and
sustainable economic growth (Romer 1990). Thus, international technology diffusion is a vital
force to improve productivity for developing countries. The advanced technology in OECD
countries has spillover to developing countries through the import machinery and equipment and
intermediate products (Grossman & Helpman, 1991; Coe & Helpman, 1995; Eaton & Kortum,
1994). Griffith et al(2004) examine the roles of R&D as both innovation and imitation using panel
data for three-digit industries in twelve OECD countries over 1974-1990. They indicate that more
investment in domestic R&D increases productivity growth.
In line with these endogenous technology changes, Melitz (2003) emphasizes that trade
protection reductions release production resources to export production. This export specialization
increases aggregate growth through the learning-by-doing process. Bustos (2011) provides
evidence that exporters adopt advanced technology when they can earn more revenue through
export. However, Melitz (2003) just shows the existence of export specialization. Kaldor (1966)
proposes a series of laws about the positive correlation between manufacturing growth and
economy-wide performance. Manufacturing is viewed as the engine of economic growth. The
reason behind this relationship is due to the increasing return to scale in manufacturing and its
7

higher income elasticity of demand in the world market. Sachs and Warner (1995) find that
countries with abundant natural resources experienced a low growth rate.
Hausmann, Hwang, and Rodrik (2007) examine differences in export specialization
patterns by constructing an index to measure the quality of export bundles for similar countries.
They find that countries with specialization in higher quality exports have better economic
performance. Lee (2011) classifies the industries in manufacturing into four groups based on their
technology intensity level and investigates whether export specialization in a product with
particular technological characteristics enhances economic growth. This paper uses the lagged
trade variables as instruments and estimates the parameters with the GMM method. The author
finds that specializing in high-technology exports increases production performance. Mayer,
Melitz, and Ottaviano (2016) study the response of multi-product exporters in France to demand
shock in export markets. They find that demand shocks increase the competition in the export
markets and further induce exporters to specialize their production in their best-performing
products and increase economy-wide productivity.
When exploiting the impact of trade liberalization on domestic TE change, relatively fewer
studies are using actual trade policy to represent the trade openness level due to the complex
measurement of non-tariff barrier measurement (NTM) (Goldberg & Pavcnik, 2016). Some papers
use trade share in GDP as a measurement of trade openness level (Frankel & Romer 1999; Ortega
& Peri, 2014). These papers employ and extend the approach in Frankel and Romer (1999) using
geographical distance as an instrument variable to solve the endogeneity of trade openness. Other
papers construct different trade protection indexes based on trade policies.

8

Tybout et al. (1991) use plant-level data for 21 industries in Chile to investigate the effect
of trade protection reduction on industrial technical efficiencies. This paper constructs an index of
trade protection change using an effective protection rate in 1967 and 1979, which are two years
before and after trade liberalization in the sense of trade protection change. To figure out whether
the foreign competition raised by trade protection reduction increased domestic technical
efficiency and scale efficiency, the authors specified a Cobb-Douglas production function with
two error terms, which represented the random error term and technical inefficiency term,
respectively. The difference between the maximum value-added of a plant and actual value-added
represented the technical inefficiency, which is consistent with the definition in Farrell (1957) and
standard for empirical work. Tybout et al. (1991) estimated the stochastic frontier regression with
the corrected ordinary least squares (COLS).1 The authors use different responses in each sector
to show that the reductions of trade protections do have positive effects on TEs. However, the
conclusion drawn is based on the result of the correlation between trade protection and TE. The
author does not estimate the coefficient between trade protection and technical efficiency.
Therefore, their paper does not control for other potential factors, such as R&D in domestic
countries.
Sachs and Warner (1995) construct an openness index to measure trade openness level
based on five rules for non-tariff barriers, average tariff rates, a black-market exchange rate,
economic system, and the status of a state monopoly on export. If one of the criteria is not satisfied,

1

Since the error term representing technical inefficiency in the production frontier model is assumed to be nonnegative, the OLS estimator of the intercept coefficient is biased. Winsten(1957) suggested a transformation of the
OLS estimator of the intercept coefficient for a deterministic frontier model and named the resulting estimator as
the corrected ordinary least square (COLS). The idea of the transformation is to have all observations below the
estimated production frontier function.
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then the openness index is zero, meaning a closed economy. Wacziarg and Welch (2003) extend
this index with an additional sample period to 1998. Henry et al. (2009) adopt this construction
method and update the openness index to study the effects of foreign technology spillover through
international trade on domestic productivity and technical efficiency.
Henry et al. (2009) model the determinants for both frontier function and technical
efficiency within the stochastic frontier analysis (SFA) framework with a panel dataset for 57
developing countries from 1970 to 1998. The authors find that an increase in trade openness level
improves aggregate technical efficiency. Henry et al. (2009) contribute to the literature by
considering international trade as a conduit for foreign R&D stock instead of an independent
determinant because foreign R&D stock embed in imported intermediate goods. The proxy
variable of transferred technology is the weighted foreign R&D stock in the G-7 OECD countries.
The weights were constructed using the share of domestic machinery imports from foreign
countries. The authors find that trade openness has a positive effect on national technical
efficiency.
The idea of using international trade openness as a conduit of technology transfer has been
inherited by other authors, such as Wang and Wong (2012), Krammer (2014), and Danquah
(2018). However, Henry et al. (2009) only study the effect of transferred foreign R&D stock on
productivity. Wang and Wong (2012) apply bilateral import share as the weights of R&D stock in
OECD 20 countries and use the sum of these weighted R&D stocks as the amount of transferred
technology to low-income countries. In their paper, the foreign R&D stock is not only transferred
through import products but also foreign domestic investment (FDI). The authors use the stochastic
frontier model with panel data for 77 countries throughout 1986-2007. The authors find that the
amount of R&D stock embedded in the import products has a positive effect on technical
10

efficiency. The technical efficiencies across different regions were affected negatively by the
financial crisis despite having increasing trends over time.
Krammer (2014) also estimates embedded technology spilled over from 25 OECD
countries to 22 transition countries in Eastern Europe and the Commonwealth of Independent
States. The transferred technology positively affects both domestic productivity and technical
efficiency. Danquah (2018) uses the same constructed variables of trade policy and transferred
technology, as Henry et al. (2009), and estimates the technical efficiencies for eighteen countries
in sub-Saharan Africa.
I use the actual tariff rate and non-tariff barrier measurement as independent variables
instead of using a constructed openness indicator. These trade proxy variables directly capture the
competition effect on TE due to a trade protection reduction. The existing literature provides
evidence on the positive relationship between export specialization in manufacturing and
aggregate productivity. But there are relatively fewer studies about the effects of export
specialization on TE. I use an index of revealed comparative advantage (RCA) to represent the
export specialization following Balassa (1965). I employ the same SFA method to estimate the
stochastic frontier model with lagged trade variables.

11

III. Theory & Methods
3.1 Theory
The growth accounting in Solow (1957) provides a benchmark in the measurement of
technology. However, it assumes that countries produce goods and services efficiently. From the
production efficiency literature, it is necessary to extend the model with technical inefficiency.
The frontier production model is the extension of a general production function with a technical
efficiency term. It assumes that all individual production should be on or below the production
frontier. While the production frontier represents the fully efficient production level, most
developing countries produce goods and services below this maximum level production. The
distance from the actual output to the potential production level is the technical inefficiency.
There are two types of measurement of technical inefficiency. A production function is
output-oriented technical inefficient (OOTIE) if a higher level of output can be reached for given
inputs and technology. Otherwise, a producer operates input-oriented technical inefficient (IOTIE)
if the same amount of output is attainable using fewer inputs. The graph below shows the technical
inefficiency with one input vector x and one output vector y, where a production unit operates at
point A below the production frontier. The distance between points A and point B is the outputoriented technical inefficiency given the same amount of input x and production technology f(x).
The input-oriented technical inefficiency is the distance from point A to point C because the same
amount of output level can be produced with lower input level. I use OOTIE in this paper.

12

Figure 1. IO and OO Technical Inefficiency for the One-Input, One-Output Production
Source: Kumbhakar et al. (2015)

3.2 Methods of measurement:
There are two main approaches to measure technical efficiency for a production unit, Data
Development Analysis (DEA) and Stochastic Frontier Analysis (SFA). DEA is a nonparametric
method that measures micro-level productivity with high precision because it has a stringent
requirement for data quality. SFA is a parametric approach and suitable in estimating productivity
using sector-level and country-level data because it uses a random error term to capture stochastic
disturbances in the production function.
3.2.1 Nonparametric Approach Data Envelopment Analysis (DEA)
Data envelopment analysis (DEA) is a mathematical approach using a linear programming
method to construct a production frontier and measure the inefficiencies as a distance from the
actual output level to the constructed frontier. DEA is also known as a non-parametric approach
because it does not assume any production function and only uses sample data to construct a
deterministic piece-wise frontier. Every point on this surface represents an efficiently performed
13

producer. This production frontier envelopes all other points beneath that have an inefficient
operation, and thus the origin of the name DEA.
The idea of the DEA model comes from the definition of productivity, which is a ratio of
outputs over inputs. In Figure 2 below, the producers with maximum ratios are assumed to have
efficient performance and construct the production frontier together. If a production unit is located
below the frontier, it has inefficient production activity. Its technical inefficiency is equal to the
radial distance from this point to its projection on the frontier segment of its two adjacent efficient
producers for output-oriented efficiency measurement. This projected point on the frontier is also
efficient as a result of a convex combination of the two efficient units. Therefore, the technical
efficiency of this unit is the ratio of actual output to the maximum output level on the constructed
frontier. For example, the technical efficiency for point D in the following graph is the ratio of OD
to OP, where point P is a projection of point D in the radical direction.

Figure 2 Output-Oriented DEA
Source: Coelli et al. (1998)
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Charnes, Cooper, and Rhodes (1978) propose the first DEA model to estimate relative
efficiency for each production unit in the sample data. The authors name it as a CCR model in
short. It combines the idea of Farrell (1957) and linear programming techniques to measure the
technical efficiencies of each unit with a constant return to scale. Banker, Charnes, and Cooper
(1984) (BBC model), another benchmark model, relax the assumption of constant return to scale
in the CCR model to measure technical efficiency and scale efficiency of each DMU with a
variable return to scale.
From the design of DEA models, we can observe that the estimation of technical
efficiencies does not depend on the assumption of a production function. It explores the
information from the sample data of production units. It can handle the efficiency measurement
for a production unit with multiple inputs and outputs. Besides the strengths of the DEA method,
it also has some weaknesses. Outliners in data sample can affect the efficiency measurement
primarily. It is a deterministic non-parametric method. It cannot derive the statistical inference of
errors.

3.2.2 Econometric Approach Stochastic Frontier Analysis (SFA)


General SF Models for Cross-Sectional Data
Before the creation of the SFA approach, researchers use modified or corrected OLS

(COLS) to estimate the deterministic production function with a technical inefficiency term. OLS
estimation provides consistent coefficients of explanatory variables. The problem is from the
biased estimation of the constant term in the regression. Then the estimated constant term was

15

corrected following the assumption that all actual output levels should be below the maximum
level.
The problem with this method is that it cannot reflect the stochastic properties of the
inefficiency term. In SFA models the inefficiency term is part of the error in the production
regression. The inefficiency term in the frontier production function is non-negative because its
value range is between 0 and 1. Aigner, Lovell, and Schmidt (1977) proposed a general form of
stochastic frontier production function model:
𝑙𝑛𝑦

𝑥𝛽

where 𝑙𝑛𝑦

𝑥𝛽

𝑣

𝑢

(1)

𝑣 represents a stochastic production frontier. 𝑦 denotes a vector of

output. 𝑥 is a vector of independent variables including the logarithm of inputs. 𝑣 is a random
error. The non-negative term 𝑢 is the technical inefficiency. Both 𝑣 and 𝑢 are identical and
independent normal distributed except that 𝑢
𝑇𝐸



0. Therefore,
exp

𝑢

(2)

Extension of General SF Models for Panel Data:
Researchers have extended the basic stochastic frontier model to many different forms

using panel data. Generally, these models are classified by the assumptions of being time-invariant
or time-variant, distributional-free, or having a distribution assumption.
1.

The time-invariant stochastic frontier model has the form below
𝑙𝑛𝑦

𝑥 𝛽

𝑣

𝑢

(3)
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Here, 𝑢 is considered as individual-specific effects. Therefore, this model is also called a
fixed-effects model of SFA. If the inefficiency term 𝑢 is distribution-free, which means 𝑢 has
no distribution, researchers cannot make statistical inference on it.
2.

Time-variant stochastic frontier models show the behavior of inefficiency term over

time. These models are further divided into regressions with distribution-free inefficiency term
and models with stochastic inefficiency component. The latter is a more realistic setting. The
inefficiency term 𝑢 can be assumed with half-normal distribution, truncated normal distribution,
or exponential distribution. Two essential models are Battese and Coelli (1992) and Battese and
Coelli (1995).
Battese and Coelli (1992) time decay model have the following formulation:
𝑙𝑛𝑥 𝛽

𝑙𝑛𝑦
𝑢

𝑣

𝑢

(4)

𝐺 𝑡 𝑢

𝑣 ~ 𝑁 0, 𝜎
𝑢 ~𝑁

𝜇, 𝜎

where 𝐺 𝑡 is a function of time t, 𝑢 is a stochastic individual-specific term. This setting ensures
that the inefficiency term changes over time but is not affected by other economic variables.
Battese and Coelli (1995) assume that the technical inefficiency variable 𝑢 is a function
of variables 𝑧 :
𝑢

𝑧 𝛿

𝑢 ~𝑁

𝑤

5

𝑧 𝛿, 𝜎

6

where 𝑤 is a random variable defined by a normal distribution with zero mean and variance 𝜎
truncated at

𝑧 𝛿 so that the value of 𝑤

𝑧 𝛿 . Therefore, 𝑢 is a random variable with
17

normal distribution associated with mean of 𝑧 𝛿 and variance of 𝜎 before truncation. These
assumptions make sure that 𝑢 being a non-negative error term with normal distribution truncated
at zero. The variable 𝑧 represents exogenous shock.


Two-Step Estimation vs. One-Step Estimation:
The early literature uses two-step stochastic frontier estimation to measure technical

inefficiency and its relationship with exogenous shocks. This approach is more intuitive than the
one-step estimation, which includes the production frontier and technical inefficiency term in the
same regression. In the first step estimation, the determinants of technical inefficiency term 𝑢
are ignored. In the second step, the estimated inefficiency term, 𝑢 regresses on its determinants.
However, this two-step method is biased in the 1st-step estimation if the production inputs are
correlated with the determinants 𝑧

of inefficiency term 𝑢 . Even though the explanatory

variables are exogenous, the assumptions of the two-step estimations conflict with each other.
Batteses and Coelli (1995) assume that the technical inefficiency term 𝑢

is a function of

exogenous variable 𝑧 . If they use a two-step estimation strategy, then they must assume that 𝑢
in the 1st-step is not correlated with 𝑧 but is determined by 𝑧 in the 2nd-step. These conflicted
assumptions must result in a biased estimation of inefficiency 𝑢 and the underestimated effects
of 𝑧 on 𝑢 .
The second problem is from the assumption of the variance of 𝑢 being constant over time
in the 1st-step but a function of the exogenous variable 𝑧 in the 2nd-step. Schmidt (2011) discusses
this biased result of the two-step method in the context of the assumption with
𝑢 ~𝑁

0, 𝜎 𝑧 𝛿

. The estimated 𝑢 s in the 1st-step have the same variances for all

observations. However, 𝑢 could be smaller for some observations and larger for others in 2nd18

step estimation. Therefore, the 1st-step assumption implies that the inefficiency term has lower
dispersion. The estimated parameter 𝛿 in the second-step is also biased. One-step estimation is
more prevalent in current literature (Henry et al., 2009; Wang & Wong, 2012; Krammer,2014;
Danquah, 2018).
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IV. Model specification and Data
A production function shows the technology that can produce the maximum output level
for a given set of inputs. After research attention redirected to the deviations from production
function, the term production frontier or frontier production function has been used to define the
ideal level of outputs. As an extension of the production function, the frontier function model
assumes all observations below or within the production frontier.
Farrell (1957) was the first study to view the deviations from the production frontier as
technical inefficiency. Then, the deterministic frontier function was introduced by Aigner and Chu
(1968). This frontier function has the same form as a standard linear regression except that the
disturbance term is non-negative and defined as technical inefficiency. The deterministic frontier
function does not include measurement errors and other disturbance terms. All deviations are
contained in the technical inefficiency term. The problem is that the statistical properties of the
technical inefficiency and estimated parameters cannot be inferred in these models (Greene, 2008).
Aigner, Lovell, and Schmidt (1977) assume that the technical inefficiency term has halfnormal distribution because technical inefficiency cannot be negative. The error term is a
composite of non-negative technical inefficiency and the random term. Therefore, this model
obtained the name stochastic frontier model.
There are many variants of stochastic frontier models, depending on the assumption on the
error term distribution. The classification of the stochastic frontier models depends on the time
behavior of the technical inefficiency term, which can be time-invariant or time-variant. Based on
these assumptions, researchers have devised several benchmark models using panel data. Schmidt
and Sickles (1984) assume that technical inefficiency is time-invariant and distribution-free. One
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can estimate the technical inefficiency as a general fixed effect or random effect term. Kumbhakar
(1990), Battese and Coelli (1992), and Kumbhakar and Wang (2005) are exceptional cases of
stochastic frontier models whose error term is the multiplication of a function of time and timeinvariant stochastic term.
The above models do not include any determinants of technical inefficiency. A researcher
has to use a two-step estimation approach to evaluate the relationship between the technical
inefficiency and its determinants. Batteses and Coelli (1995) include technical efficiency and its
determinants in the same regression. All parameters in frontier and technical efficiency can be
estimated simultaneously. Therefore, I specify my model based on the framework of Battese and
Coelli (1995).

4.1 Production Frontier
A large number of applications under the SFA framework have been developed since
Aigner, Lovell, and Schmidt (1977). This section models the production frontier and technical
inefficiency whose distribution is affected by trade openness levels and export specialization. The
frontier production function is expressed as:
𝑌

𝑓 𝐾 ,𝐿 ,𝐻 ,𝑇 𝑒

𝑡

1990,1991, … , 2014

𝑖

1,2, … ,32;
(6)

where Y is output, f(.) represents production technology, K is the stock of physical capital for each
Latin American and Asian country, L is labor force, H represents the stock of human capital, T is
a time trend variable which shows how technology change over time, 𝑣 is a random error, 𝑢
captures the technical inefficiency of production activities, i represents a production unit, and t is
a time index.
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I choose a translog function as the production frontier because its flexible form allows the
elasticity of substitution to vary and can better approximate most production frontier relative to
Cobb-Douglas function. For estimation, the log-linear form of the translog production function for
Latin American and Asian economies is given below:
𝑙𝑛𝑌

𝛽

𝛽 𝑙𝑛𝐾
1
𝛽
2

𝛽 𝑙𝑛𝐿

𝛽 𝑙𝑛𝐻

1
𝛽
2

𝑙𝑛𝐾

𝛽

𝑙𝑛𝐾 ∗ 𝑙𝑛𝐿

𝛽

𝛽

𝑙𝑛𝐿 ∗ 𝑙𝑛𝐻

𝛽 𝑇

𝛽

𝑇 ∗ 𝑙𝑛𝐾

𝛽

𝛽

𝑇 ∗ 𝑙𝑛𝐻

𝛽𝐷

𝑣 ~𝑁 0, 𝜎

1
𝛽
2

𝑙𝑛𝐿

𝑙𝑛𝐻

𝑙𝑛𝐾 ∗ 𝑙𝑛𝐻

𝑇 ∗ 𝑙𝑛𝐿
𝑣

𝑢

7

𝑢 ~𝑁 𝜇 , 𝜎

where 𝑌 is the output of country 𝑖 at time t, a proxy variable for the real gross domestic production
(GDP) at constant 2011 national prices in a million US$. 𝐾 is physical capital stock, which is
measured with perpetual inventory methods. 𝐿

is the factor input of the labor force. 𝐻

represents human capital for each economy in Latin America and Asia. Here, T represents a time
trend and captures domestic technical progress. The translog function carries the possibility of
non-neutral technology change by interacting with the time trend with factor inputs.
The item 𝐷 in the above equation represents regional dummy variable, which is countryspecific fixed effect and used to capture those unobserved characteristics in each region of Asia
and Latin America. The stochastic term 𝑣 has a normal distribution. It represents randomness
and measurement errors. 𝑢 is truncated normally distributed variable and represents technical
inefficiency, which will be introduced in the next section.
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4.2 Technical Inefficiency
Following the benchmark SFA model in Battese and Coelli (1995), the technical
inefficiencies 𝑢 have a normal distribution 𝑁 𝜇 , 𝜎

truncated at zero. The mean of the

technical inefficiency term, 𝜇 , regresses on explanatory variables of export specialization, trade
protections, and transferred foreign technology:
𝑢 ~𝑁
𝜇

𝜇 ,𝜎

𝑍 𝛿

𝛾

(8)
𝛾 ln 𝑅𝐶𝐴

𝛾 𝑙𝑛𝑇𝑎𝑟𝑖𝑓𝑓

𝛾 𝑁𝑇𝑀

𝛾 𝑖𝑚𝑝𝑜𝑟𝑡𝑒𝑑𝑅&𝐷
where 𝑅𝐶𝐴 is the abbreviation of revealed comparative advantage in manufacturing;
𝑁𝑇𝑀 is non-tariff barrier measurement; 𝑖𝑚𝑝𝑜𝑟𝑡𝑒𝑑𝑅&𝐷

represent transferred foreign R&D

through imported products for country i at time t.
Revealed comparative advantage in manufacturing is a proportion of a ratio between
domestic manufacturing exports and total export to the same ratio for the world. It indicates
whether an economy specializes and is competitive in this industry in the world market. An
economy often chooses activities with abundant local factor endowment. During the 1990s, most
Asian countries have made reforms to support manufacturing production, whereas Latin American
countries specialize in primary products. The sign of the RCA variable should be negative to the
technical inefficiency term because export specialization enhances the technology upgrading and
adoption through the learning-by-doing process in manufacturing production. The estimation of
this term is helpful to find the differential technical efficiency between Asia and Latin America.
The embodied technology through imported products increases the domestic technical
efficiency utilizing the given amount of inputs. I use imported electric machinery as a proxy
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variable for imported R&D. The result is expected to have a negative estimated coefficient for the
R&D variable and implies that an explanatory variable affects the technical inefficiency term
negatively and improve technical efficiency score of an economy.
I use Most-Favored Nation (MFN) simple average tariff rate as proxy variable of tariff
levels for each economy. It is expected to affect the average technical inefficiency, 𝜇 , positively
and increases aggregate TE in that tariff reductions raise domestic competition. The reductions of
non-tariff barrier measurement ( 𝑁𝑇𝑀 ) remove the rent-seeking activities and can increase
domestic competition. Therefore, it is also expected to have a positive coefficient.
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4.3 Data Sources:
Data on real Gross Domestic Production (GDP), physical capital stock, labor force, and
human capital stock come from the Penn World Table (PWT) 9.0 for the period 1990-2014 of 31
economies in the regions of Latin America and Asia. The export volume in manufacturing for each
country is from the database of UN COMTRADE. The MFN simple average tariff rates are
downloaded from the database in the World Integrated Trade Solution (WITS). I adopt the
estimated non-tariff rate measurements (NTM) from Niu et al. (2018). The transferred foreign
R&D is the volume of imported machinery in 1999-2014 extracted from the database of the WITS.
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V. Estimation Results:
In this section, I present the empirical results for four regressions in Table 2 to discuss the
impact of imported foreign R&D stocks, revealed comparative advantage (RCA) in manufacturing,
average import tariffs, and non-tariff barrier measurements (NTM) on domestic aggregate
technical efficiency.
There are three panels in Table 2, panel (1), panel (2), and panel (3), in a vertical direction.
Panel (1) shows the estimation coefficients for the production frontier. Panel (2) presents the
empirical results for technical inefficiency in the models. This panel includes the estimated
coefficients of determinants to technical inefficiency term, average technical efficiency for all
observations, the ratio of the variance of the error term representing technical inefficiency to the
variance of overall random error of a production function (gamma), and the log-likelihood value
obtained for the two models. Panel (3) lists the results of two likelihood ratio (LR) hypothesis tests
to examine the existence of inefficiency term and decide which production function form, CobbDouglas or translog, fits this panel data better.
Table 2 includes four models with translog production function form. Model (3) is
precisely the same as the second model in Table 3. A negative coefficient suggests that an
increment of an explanatory variable reduces the technical inefficiency and improves technical
efficiency. Model (1) introduces the imported international R&D as an external shock. I use the
imported foreign machinery as the proxy variable for transferred R&D. The estimated coefficient
is negative and significant at a 1% level, which indicates that the spillover of foreign R&D through
imports of electrical machinery decreases the technical inefficiency and therefore raises the
aggregate technical efficiency in production activities.
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This paper is concerned with in the effect of revealed comparative advantage (RCA) in
manufacturing exports on technical efficiency. The learning-by-doing activities during the
specialization process increase technical efficiency. A higher-level RCA in domestic
manufacturing indicates that an economy specializes more in its production in manufacturing
export and has more substantial competitiveness in the world market. The estimated coefficient of
manufacturing RCA in the model (2) is negative and significant at 0.1% level, which implies that
an increase in domestic manufacturing RCA will reduce the national technical inefficiency,
holding other variables constant.
Model (3) explores the effects of a domestic tariff on technical efficiency. Tariff reductions
increase competition in the domestic market and economic growth by lowering the final product
and intermediate input prices. A positive sign of the estimated coefficient on tariff implies that a
reduction for a domestic tariff would decrease technical inefficiency. The result is positive and
significant. Therefore, I conclude that domestic tariff is positively associated with aggregate
technical efficiency as trade theory predicts.
Model (4) examines the effects of non-tariff barrier measurements (NTM) on technical
inefficiency. The estimated coefficient of NTM is positive. However, the result is not significant.
There is not enough evidence to support that NTM reduction increases technical efficiency. I also
estimated the joint effects of tariff and NTM on technical inefficiency. The results are also positive
and insignificant. Therefore, I do not present the result in Table 2.
The estimated coefficients of the imported Electrical machinery in the other three models
are all negative and significant at 0.1% level. Thus, the positive effect of international R&D on
national technical efficiency is robust across models. This result is also consistent with the existing
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literature, such as Henry et al. (2009) and Wang and Wong (2012). Wang and Wong (2012) point
that a 1% increase in the imported R&D will reduce the average technical inefficiency by 0.10%
for 77 countries in four regions of Asia, Latin America, Sub-Saharan Africa, and the Middle East
and North Africa.
An interesting finding is that the positive effects of domestic RCA on technical efficiency
are robust across different regions only when RCA in terms of percentage is greater than 100%. In
other words, only those countries with a comparative advantage in manufacturing can increase
their technical efficiency by improving their export share for manufacturing in the world market.
Panel (a) in Figure 1 shows that there is not a positive relationship between domestic RCA and
technical efficiency for 19 countries in Latin America. Sixteen out of nineteen Latin countries in
the sample have a comparative advantage in exporting primary commodities instead of
manufacturing products. Panel (b) plots the relationship between domestic RCA and national
technical efficiency for these sixteen Latin countries with comparative disadvantage in
manufacturing. The result is similar to the one in panel (a). The two variables associated with each
other quite randomly, neither positive nor negative.
Given the above results, once domestic RCA is larger than 100%, it is positively associated
with aggregate technical efficiency. Panel(a) in Figure 2 plots this positive effect of RCA on
technical efficiency for three Latin countries with a comparative advantage in manufacturing.
These three countries have more than 70% technical efficiency, and places them in the category of
highly efficient countries in Latin America. For the Asia region, there are 12 Asian countries in
the sample dataset. Most of them have a comparative advantage in the manufacturing sector.
Domestic RCA in manufacturing for Asian countries is positively related to national technical
efficiencies from Figure 2.
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5.1 The Evolution of Technical Efficiency Across Regions
The average technical efficiency of all countries in the sample data improved from 73.35%
in 1990 to 89.31% in 2014. Singapore is the most efficient country among these thirty-one
countries, with an average technical efficiency of 99.6% during the sample period. It is a country
with a free trade policy, which means zero import tariffs most of the time.
The average technical efficiency in Asia is 93.3% over 1990-2014. The average technical
efficiency in Latin America is 75.3% during the period of 1990-2014. I observe that the technical
efficiency in Latin America is lower than that in the Asian area from Figure 3. The technical
efficiency in Asia increased from 74.6% in 1990 to 98.1% in 1997 (while most Latin American
Countries have missing values for 1990). After 1997, the technical efficiency in the Asian area
dropped and lingered around 91% from 1998 to 2002. It rose again since 2003 and kept on
increasing until 2008. The technical efficiency in Asia plunged somewhat in 2008 again and
recovered after 2009. The regional technical efficiency in Asia was affected negatively by the
financial crisis in 1997 and 2008, whereas the technical efficiency for Latin American countries in
the sample stagnated from 1994 to 2003, with a drop in 2008 because of the global financial crisis
in 2008, and kept increasing during other times.

29

VI. Hypothesis Tests and Alternative Estimation Approach
This section concentrates on hypothesis tests. Table 3 reports two regressions in columns
in terms of production function form and existence of technical inefficiency. The first regression
uses the Cobb-Douglas Production Function. The second regression uses a translog production
function instead.
6.1. Hypothesis test I: OLS vs. SFA
The first likelihood-ratio (LR) test is to find the appropriate estimation approach, the
ordinary least square (OLS) or maximum likelihood estimation (MLE) method. As I introduce in
the previous section, the main characteristics of a Stochastic Frontier model are the assumption of
the non-negative one-sided error specification that distinguishes the Stochastic Frontier model
from a standard regression model. Thus, it is necessary to test the existence of the inefficiency
error of the model. If no inefficiency term appears in the model, then OLS estimation will be
adequate. The null hypothesis of the first LR test is no one-sided error term. The value of an LR
test is the difference in the log-likelihood value obtained from two models. Therefore, the LR test
statistics are -2(L(OLS)-L(MLE)), where L(OLS) and L(MLE) are the value of log-likelihood
estimations using OLS and MLE approach, respectively. The LR statistics approximately follows
a chi-square distribution. The values of LR statistics for both Cobb-Douglas and translog
production function in columns 1 and 2 reject the null hypothesis at a 0.1% significant level that
indicates the MLE is better than OLS. In other words, the inefficiency term does exist in the
models, and the Stochastic Frontier model is valid.
Another parameter related to the inefficiency term in panel (3) is gamma (γ). It is the ratio
of the variance of technical inefficiency term (𝜎 ) divided by the sum of the variances of overall
error terms (𝜎

𝜎

𝜎 ) (Coelli, 1996). If gamma (γ) has a non-zero value, the inefficiency
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term does exist. The estimation result in the translog production function reports the value of γ as
0.21. It means that 21% of the variance for overall errors come from technical inefficiency. This
ratio of gamma also suggests that the specification of the Stochastic Frontier model is preferable
to the standard production models which use the OLS technique.

6.2. Hypothesis Test II: Cobb-Douglas Vs. Translog Production Function
The second LR test is to compare the models with Cobb-Douglas and translog production
function form. The null hypothesis assumes that one should use the Cobb-Douglas specification.
The rejection of the second LR test suggests that the translog production function form fits the data
better.

The more substantial loglikelihood value (237.47) also indicates that the translog

production function is more appropriate for this panel data. The result of the mean technical
efficiency is consistent with the literature (Wang and Wong, 2012).

6.3. Two-step SFA Estimation
I estimate the model of Battese and Coelli (1992) using a two-step estimation approach. I
plot the estimated technical efficiency obtained in the two-step estimation and one-step estimation
for selected countries in Figure 6. The estimated average TE in the first step is constant and above
the TE obtained in the one-step method at the beginning of the sample. However, the TEs estimated
in the one-step model have similar volatilities as the growth of GDP and grow over time. The TE
measures in the one-step model are more plausible and efficient.
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VII. Conclusion
Since the 1990s, most developing countries have shifted from import
substitution to export promotion strategies and liberalize their trade policy by trade
barrier reductions. Countries specialize in their production in manufacturing and
benefit from improvements in technical efficiency. Reductions in trade protection
increase competition in the domestic market, which also raises efficiencies. Lowerpriced imported manufacturing products shift domestic output production share to
exports sectors, which implies that economies are more specialized in the sector and
further increase their technical efficiencies. It is a characteristic of Asian countries'
production and explains the differential technical efficiencies across countries.
Embedded technology through the import machinery is an essential source of technical
progress in developing countries. As expected, transferred technology pushes up the
domestic technical efficiency level. The rate of urbanization also increases aggregate
technical efficiency. This study is important and necessary for policymakers to make
better judgments on reforms based on comparative advantage in the export sector, and
improve technical efficiency of a country.
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Appendix
1. Stochastic frontier analysis (SFA): The Half-Normal Model
•

Production function
𝑌

𝑓 𝐾 ,𝐿 ,𝐻 𝑒

𝑖

1, 2, … , 𝑛 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑟 ; 𝑡

1, 2, … , T
𝑙𝑛𝑦

𝑙𝑛𝑥 𝛽

𝑣

𝑢

𝑣 ~𝑖𝑖𝑑𝑁 0, 𝜎
𝑢 ~𝑁

0, 𝜎

E(𝑢 𝑢 )=0 for all i≠j
•

𝑇𝐸

𝑒

•

Production frontier = 𝑙𝑛𝑥 𝛽

•

Technical inefficiency term= 𝑢

𝑣 = deterministic component + noise

2. Battese and Coelli (1995): The Truncated Normal Model
Production function
𝑌

𝑓 𝐾 ,𝐿 ,𝐻 𝑒

𝑖

1, 2, … , 𝑛 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑟 ; 𝑡

1, 2, … , T
𝑙𝑛𝑦

𝑙𝑛𝑥 𝛽

𝑣

𝑢

•

𝑣 ~𝑖𝑖𝑑𝑁 0, 𝜎

•

𝑢 ~𝑁

𝜇 ,𝜎

𝜇
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𝑧 𝛿

𝑤

•

where 𝑤 is a random variable with normal distribution truncated at
𝑧 𝛿 so that the value of 𝑤

•

𝑧 𝛿 .

These assumptions make sure that 𝑢 being a non-negative error term
with normal distribution truncated at zero. 𝑧 𝛿 is not necessarily
positive for each observation.
•

𝑇𝐸

𝑒

3. The MLE for The SF model
•

𝑓 𝑣

•

𝑓 𝑢

•

𝑓 𝜀

•

𝑓 𝜀

√

exp

,
exp

√

𝑢, 𝑢

𝑓 𝑣, 𝑢

𝑓 𝜀

exp

√

f v ⋅f u

exp

𝑢, 𝑢 𝑑𝑢

𝑒𝑥𝑝
√

Where 𝜇∗

•

L(𝜃 ∗ ; y)

∗
∗

𝜎∗

∑

𝑇

𝑙𝑛2𝜋

ln 𝜎

𝑙𝑛 𝛷 𝑑

34

∑

𝑙𝑛𝛷 𝑑 ∗

∑

•

where the parameter vector is 𝜃 ∗
𝑑∗

1

𝛾 𝑧 𝛿

𝛾 𝑦

𝛽 , 𝛿 , 𝜎 , 𝛾 ′, 𝑑

𝑥 𝛽

/ 𝛾 1

𝑧 𝛿/ 𝛾𝜎
/

𝛾 𝜎

/

,

, and Φ . is the

standard normal distribution function.
•

By taking partial derivatives of the logarithm of the likelihood function with
respect to the parameters, the coefficients 𝛽, 𝛿 can be estimated at the same
time.

4. Technical efficiency estimation (Jondrow et al., 1982)
•

Technical inefficiency index:
𝑢

𝑓 𝑢|𝜀

𝐸 𝑢|𝜀

𝑓 𝑢, 𝜀
𝑓 𝜀

𝐸 𝑢|𝜀

𝑢 ⋅ 𝑓 𝑢|𝜀 𝑑𝑢
1

𝜇 exp
√2𝜋𝜎 ∗ Φ 𝜎∗
∗
𝑢 ⋅ 𝑓 𝑢|𝜀 𝑑𝑢

Where 𝜇∗

•

1
2

𝑢

𝜇∗
𝜎∗
∗
∗
∗
∗

𝜇∗

𝜎∗

𝜎∗

Estimation for Technical Efficiency index
𝑇𝐸

𝑢 |𝜀

𝐸 exp

exp
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𝜇∗

exp

1
𝜎
2 ∗

𝜇
Φ 𝜎∗
∗
Φ

𝑢 ⋅ 𝑓 𝑢|𝜀 𝑑𝑢
𝜎∗
𝜇∗
𝜎∗

Table 1. Descriptive Statistics
Variable

Obs

Mean

Std. Dev.

Min

Max

Log of GDP

775

12.21

1.61

9.42

16.66

Log of Capital

775

13.33

1.67

10.65

18.03

Log of Labor

775

2.25

1.68

-.32

6.68

Log of Human Capital

775

.84

.19

.31

1.28

Log of Imported

697

15.5

1.92

11.18

20.22

Tariff Rate

647

9.36

6.13

0

36.41

Revealed Comparative

670

73.92

40.44

4

147

513

34.05

21.47

0

77

Machinery (R&D)

Advantage (RCA)
Non-Tariff Barrier
Measurement (NTM)
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Table 2. Production Frontier and Technical Efficiency Estimation

Model 1
Coefficient

Model 2
Std. Error

Model 3

Coefficient

Std. Error

Model 4

Coefficient

Std. Error

9.09E+00

1.46E+00

-2.92E-01

2.62E-01

1.35E+00

2.30E-01

8.60E-01

8.48E-01

Coefficient

Std. Error

3.51E+00

1.02E+00

***

6.06E-01

1.86E-01

**

7.41E-01

1.98E-01

***

-6.19E-01

8.69E-01

Panel (1): Production Function
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Constant

3.77E+00

1.32E+00

**

9.11E+00

1.43E+00

Log Capital (K)

6.92E-01

2.33E-01

**

-2.85E-01

2.53E-01

Log Labor (L)

3.56E-01

2.01E-01

.

1.29E+00

2.24E-01

Log Human Capital (H)

1.20E+00

9.35E-01

1.03E+00

8.38E-01

½ Square of (log K)

1.08E-02

2.25E-02

9.90E-02

2.41E-02

***

9.78E-02

2.51E-02

***

2.31E-02

2.05E-02

½ Square of (log l)

6.24E-03

2.13E-02

1.22E-01

2.73E-02

***

1.18E-01

2.60E-02

***

8.09E-02

2.83E-02

**

½ Square of (log H)

5.96E+00

6.92E-01

5.85E+00

6.25E-01

***

5.68E+00

6.36E-01

***

6.11E+00

6.65E-01

***

log (KL)

-1.74E-02

2.08E-02

-1.16E-01

2.42E-02

***

-1.15E-01

2.43E-02

***

-6.05E-02

2.32E-02

**

log (KH)

-4.61E-01

1.08E-01

***

-4.43E-01

1.00E-01

***

-4.07E-01

1.04E-01

***

-2.81E-01

1.06E-01

**

log (LH)

3.23E-01

1.03E-01

**

4.41E-01

1.08E-01

***

3.63E-01

1.13E-01

**

1.81E-01

1.17E-01

Year (T)

-6.25E-02

1.84E-02

***

-8.91E-02

2.08E-02

***

-9.30E-02

2.21E-02

***

TlogK

6.66E-03

1.88E-03

***

7.88E-03

2.20E-03

***

7.92E-03

2.24E-03

***

7.63E-04

9.33E-04

***

***

***

***

***

TlogL

-1.72E-03

1.86E-03

-4.37E-04

2.20E-03

TlogH

-3.05E-02

7.92E-03

Region

-2.36E-01

-2.10E-04

2.32E-03

***

-2.79E-02

9.37E-03

1.97E-02

***

-2.96E-01

6.47E-03

1.57E-03

***

**

-2.61E-02

9.29E-03

**

-3.27E-02

1.09E-02

**

2.24E-02

***

-2.83E-01

2.17E-02

***

-3.03E-01

2.33E-02

***

Panel(2): Technical Inefficiency
Constant

3.21E+00

1.86E-01

***

4.00E+00

2.35E-01

***

3.85E+00

2.40E-01

***

2.72E+00

1.47E-01

***

Imported R&D

-1.78E-01

1.25E-02

***

-2.41E-01

1.64E-02

***

-2.37E-01

1.62E-02

***

-1.57E-01

9.30E-03

***

-2.84E-03

2.98E-04

***

-2.90E-03

3.07E-04

***

-2.52E-03

3.06E-04

***

6.99E-03

2.94E-03

*
8.77E-03

4.81E-02

1.00E-08

1.27E-06

Revealed Comparative
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Advantage in Export
(RCA)
Tariff
Non-tariff Barriers (NTM)
Gamma (𝜎 / 𝜎

𝜎 )

8.97E-01

7.06E-02

***

2.40E-01

8.39E-02

**

2.11E-01

8.82E-02

*

Mean efficiency

0.64

0.80

0.82

0.84

Log-Likelihood Value

331.45

361.81

344.94

317.54

Observations Numbers

697.00

668.00

638.00

505.00

Panel(3): Likelihood Ratio Test On Model Specifications
H0: γ=C0 =… = C4 =0

338.97

***

385.40

***

370.38

Note:
Panel (2): 𝜎 , 𝜎 are the variance of technical inefficiency and the random error terms, respectively.
Panel (3) presents the hypothesis results of the likelihood ratio test.
If the null hypothesis H0 is true, then the model reduces to OLS specification, and no TE exists.
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*** indicate that the coefficient is statistically significant at the level of 0.1%.
** indicate that the coefficient is statistically significant at the level of 1%.
* indicate that the coefficient is statistically significant at the level of 5%.
. indicate that the coefficient is statistically significant at the level of 10%.

***

221.89

***

Table 3. Robustness Check: Production Frontier Specification and Estimation

Model 1 (CD)

Model 2 (Translog)

Coefficient

Std. Error

Coefficient

Std. Error

Constant

3.84E+00

2.35E-01

***

9.09E+00

1.46E+00

Log Capital (K)

5.60E-01

1.71E-02

***

-2.92E-01

2.62E-01

Log Labor (L)

3.51E-01

1.23E-02

***

1.35E+00

2.30E-01

Log Human Capital (H)

5.87E-01

6.03E-02

***

8.60E-01

8.48E-01

½ Square of (log K)

9.78E-02

2.51E-02

***

½ Square of (log l)

1.18E-01

2.60E-02

***

½ Square of (log H)

5.68E+00

6.36E-01

***

log (KL)

-1.15E-01

2.43E-02

***

log (KH)

-4.07E-01

1.04E-01

***

log (LH)

3.63E-01

1.13E-01

**

-9.30E-02

2.21E-02

***

TlogK

7.92E-03

2.24E-03

***

TlogL

-2.10E-04

2.32E-03

TlogH

-2.61E-02

9.29E-03

**

Panel (1): Production Function

Year (T)

Region

-4.11E-03

1.46E-03

**

***

***

-1.91E-01

2.25E-02

***

-2.83E-01

2.17E-02

***

Constant

3.38E+00

2.28E-01

***

3.85E+00

2.40E-01

***

Imported R&D

-2.03E-01

1.70E-02

***

-2.37E-01

1.62E-02

***

-2.45E-03

4.21E-04

***

-2.90E-03

3.07E-04

***

Panel (2): Technical Inefficiency

Revealed Comparative
Advantage in Export (RCA)
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Tariff

4.97E-04

3.53E-03

Gamma

4.33E-01

9.94E-02

Mean efficiency

0.81

0.82

Log-Likelihood Value

226.21

344.94

Observations Numbers

638

638

***

6.99E-03

2.94E-03

*

2.11E-01

8.82E-02

*

Panel (3): Likelihood Ratio Test on Model Specifications
H0: γ=C0 =… = C4 =0

283.75

***

H0: CD Specification

370.38

***

237.47

***

Note: ***, ** , * , . indicate that the coefficient is statistically significant at the level of 0.1%, 1%, 5%,
10%.
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Figure 3 Revealed Comparative Advantage (RCA) and Technical Efficiency for Latin American
Countries
Panel (a) All Latin American Countries in the Sample Dataset
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Figure 3 Revealed Comparative Advantage (RCA) and Technical Efficiency for Latin American
Countries
Panel (b) Latin American Countries with Comparative Disadvantage in Manufacturing
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Figure 5 Technical Efficiency over Time for Two Regions - Asia and Latin America

44

Argentina: TE Using BC(1995) and BC(1992)
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Figure 6 Technical Efficiency (TE) Using BC(1992, 1995) Models - Argentina
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Figure 6 Technical Efficiency (TE) Using BC(1992, 1995) Models - Brazil
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India: TE Using BC(1995) and BC(1992)
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Figure 6 Technical Efficiency (TE) Using BC(1992, 1995) Models - India

China: TE Using BC(1995) and BC(1992)
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Figure 6 Technical Efficiency (TE) Using BC(1992, 1995) Models - China
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CHAPTER 2
TRADE LIBERALIZATION AND STRUCTURAL CHANGE

Abstract
This paper studies the effects of sector-level tariff reduction on structural change of labor
reallocation across economic sectors. I use the Groningen Growth and Development Centre
(GGDC) 10-sector database from 1996-2010. A decline in trade protection increases the incentive
of producers to displace excess labor within an industry due to tougher competition in the domestic
market. If the displaced workers shift to higher-productivity sectors, then the structural change of
labor reallocation contributes positively to aggregate growth. However, a movement of excess
labor in the opposite direction reduces the growth rate of overall labor productivity. This paper
examines the direction of labor reallocation due to tariff reductions in six tradable sectors using a
two-stage estimation. The results in the first stage estimation show that a decline in sectoral tariff
does reduce the employment share within a sector, which provides the evidence for the existence
of displaced workers and the following labor reallocation. In the second-stage estimation, I find
that trade protection reduction shifts displaced labor to the higher-than-average productivity
sectors.
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I. Introduction
Trade liberalization has increased within industry productivity through imported
commodities and export production in developing countries (Bustos, 2011). International trade
also triggers labor reallocation across economic sectors in the domestic labor market (Melitz 2003;
Menezes-Filho & Muendler, 2011). There is a growing literature on the study of how trade
liberalization affects the structural change contribution to economic growth due to the reallocation
of displaced labor (McMillan et al., 2011, 2014). The key focus behind this study is the direction
of the shift in displaced workers. This paper studies how trade protection reductions at the sector
level affect sectoral employment shares and whether displaced labor moves to higher-thanaverage-productivity sectors and thus increase aggregate growth.
Developing countries have relatively lower-income and higher poverty rates in their
population. Increasing employment and economic growth are very important for the improvement
of living standards in developing countries. Developing countries have relatively larger
productivity gaps between economic sectors than developed countries (McMillan et al. 2011,
2014). I show the labor productivity gaps in the selected countries in Table 1. When surplus labor
shifts from low-productivity or traditional sectors, such as agriculture, to high-productivity sectors,
such as manufacturing, the aggregate economy experiences positive growth. The contribution of
structural change to growth is large and should not be ignored in developing countries. Since trade
protections have declined after 1990 for most developing countries, it is natural to consider the
effects of trade protection on economic growth through labor reallocation.
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There are relatively fewer studies using sector-level data than micro-level data in the
existing literature, such as employer-worker and firm-level data. Also, a large number of papers
use trade share in GDP to represent trade openness levels (Frankel & Romer,1999; Ortega & Peri,
2014) instead of using trade policy, due to the complexity and difficulty of non-tariff barrier
measurements (NTM). In the growing literature of the contribution of structural change to national
growth, researchers directly estimate the trade variables on the structural change term, which is
part of the national growth rate and is the multiplication of sectoral employment shares with
productivities. However, few studies analyze the direction of trade-related labor reallocation in
this strand of literature. I fill in these gaps by estimating the impact of aggregated tariffs and
national NTM on sector-level employment share and aggregated employment shares in the higherthan-average productivity sectors.
Classical trade theory predicts that a tariff cut will increase domestic competition so that
the least productive firms exit industries and the productive firms stay (Pavcnik, 2002). When
displaced labor shifts to high productivity sectors, the contribution of labor reallocation to
aggregate productivity growth is positive. In the opposite case, the labor shift reduces the growth
rate (McMillan et al. 2011, 2014). Based on this prediction of classical trade theory, I use a twostage estimation to identify the effect of trade production declines on the labor movement.
In the first-stage regression, I examine how trade protection reduction changes the
employment share in a sector. I convert and aggregate the 4-digit level tariffs in Harmonized
Commodity Description and Coding Systems (HS) to 1-digit industry level tariffs in International
Standard Industrial Classification of All Economic Activities system - Revision 3 (ISIC-Rev 3).
Then I adopt the measurement of NTM at the national level from Niu et al. (2018) for trade policy
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measurement, which extends the work of Kee et al. (2009). Classic trade theory predicts that the
reductions in industry-level trade restrictions increase domestic competition and displace excess
workers. My results contribute to the literature of trade liberalization with the evidence of declined
employment share associated with trade protection reductions in six tradable sectors.
In the second-stage regression, I follow the aggregation strategy of sector-level tariffs to
country-level tariffs proposed in Topalova (2007) and Hasan et al. (2012). The aggregated tariffs
reflect the real changes of trade protections. The key to figuring out the effect of trade protection
reductions on the contribution of structural change to the growth (the puzzle in McMillan studies)
is to identify the direction of displaced worker reallocation. If labor moves toward the higher-thanaverage-productivity sectors, then the labor reallocation must contribute to economic growth
positively. Therefore, I estimate the relationship between the aggregated tariffs and the
employment share in higher-than-average-productivity sectors. My study contributes to the
literature in both trade liberalization and development economics because this aggregation of
tariffs weighted by employment shares reflects the employment composition of an economy.
The results in my first-stage estimation show that trade protections, tariffs, and NTM, are
positively and significantly related to employment share. When the sectors’ characteristics in
exports are controlled, trade protection reductions have more substantial effects. The trade-related
declines in sectoral employment shares confirm the prediction of classic trade theory. In my
second-stage estimation, I find the strong effects of trade protections and labor-market rigidity on
employment in higher productivity sectors. The reductions of trade protections trigger the labor
movement towards higher-than-average productivity sectors. Therefore, such labor reallocation is
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growth-enhancing. Whereas, higher labor rigidity impedes the labor mobility in the correct
direction and thus reduce the growth rate in aggregate level.
My study is related to two strands of literature. The first strand of literature focuses on the
effects of a tariff on unemployment at the sector level and firm level. The second concerns the
effect of trade liberalization on structural change and consequent contribution to economic growth.
For the period from the late 1990s to the early 2000s, the existing literature finds little evidence
supporting labor reallocation across economic sectors induced by trade liberalization in developing
countries. More researchers have oriented themselves to firm-level or plant-level studies. These
studies find the evidence of labor reallocation across firms within sectors, labor mobility to
informal sectors, and the increase of unemployment (Menezes-Filho & Muendler, 2011; Hasan et
al., 2012).
Recently, there is a growing literature about the contribution of structural change, which
can be measured by the sum of the multiplication of the changes in sectoral employment shares
and the sectoral labor productivities, on economic growth. Following the classical trade theory
prediction, trade liberalization induces the labor reallocation across economic sectors and thus
triggers growth-enhancing or growth-reducing structural change. The essential point is in the
direction of labor reallocation. This strand of literature needs evidence supporting the existence of
trade-related labor reallocation across different sectors. I fill in this gap by examining the changes
in employment shares within sectors induced by trade protection reduction and then explore the
direction of labor reallocation.
The early studies state that little evidence has been obtained about trade-related labor
reallocation across economic sectors. Wacziarg and Wallack (2004) examine labor reallocation
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across 1-digit sectors before and after trade liberalization date. They use time indicators to capture
the effects of trade liberalization. However, this proxy variable of trade liberalization appears to
affects employment shares in all sectors identically. The effects of trade liberalization for 1-digit
industries appear to be weak and small. Topalova (2004, 2010) examine the sectoral composition
and trade liberalization effect in different sectors in India. They do not find significant evidence of
labor mobility across economic sectors in India. Strict labor laws are one of the determinates that
retard labor reallocation across sectors. I use sector-level tariffs to identify the changes in
employment share in each sector and obtain significant results.
The parallel studies concentrate on micro-level data. Attanasio, Goldberg, and Pavcnik
(2004) studies the tariff reductions on labor reallocation across sectors in Colombia using the firmlevel data from 1984-1998. They find that more labor shifts from larger tariff reduction sectors to
the informal sector after the removal of labor-market rigidity. Menezes-Filho and Muendler (2011)
study the tariff reductions effects on labor mobility across sectors in Brazil using the employeremployee data over 1986-2001. They find that displaced labor failed to find a job in a formal sector
within 12 to 48 months and reallocated to services sectors, became unemployed, or left the labor
force. Firms with inelastic demand expand their product market share by shedding off more labor.
Unskilled workers are more likely to separate from their occupations than skilled ones. Such failure
of reallocation is also due to the labor market restriction in Brazil. These two papers provide that
the displaced labor shift to the lower productivity sector, informal sector.
Hasan et al. (2012) exploited the impacts of trade protection in the country level and
industry level on unemployment and the probability of becoming unemployed in India. They find
evidence of declining unemployment in states with less labor market rigidity and rising
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employment shares in export industries. These results are different from those in Menezes-Filho
and Muendler (2007, 2011). The latter studies find that neither exporter nor comparative advantage
sectors absorb displaced labor because Brazil has higher labor market rigidity than the weighted
average restrictions of its trading partners.
In recent cross-regional studies, McMillan et al. (2011, 2014) show that the displaced labor
shifts to higher productivity sectors in Asia, but move in the opposite direction in Latin America
and Sub-Sahara Africa. Ahsan and Mitra (2017) find state-level tariff reductions increase the
employment shares in more productive sectors in India. They also find that labor rigidity impedes
labor reallocation to growth-enhancing direction. My results below are consistent with these
findings.
The remainder of the paper is organized as follows. Section 2 is a literature review. Section
3 provides a data description. Section 4 specifies the estimation strategy and regression models.
Section 5 analyzes the estimation results. Section 6 is the conclusion.
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II. Literature Review
The growth of economy-wide labor productivity comes from two sources: the growth of
within-sector productivity and the contribution of structural change of labor reallocation across
broad economic sectors. The central topic of the structural-change theory is how underdeveloped
economies transform their production activities and resources from agriculture to the
manufacturing and service sectors. Two representative pieces of research are the two-sector
surplus labor model of Lewis (1954) and the patterns of development empirical analysis of
Chenery (1986).
Lewis' two-sector model provides a basic description of the mechanism of structural
transformation in a developing economy. The two-sector surplus labor model in Lewis (1954)
assumes that there are two broad sectors, agriculture, and manufacturing in an economy. The wage
rate in agriculture is constant and equal to the average labor productivity. Lewis defines the farmers
with zero and negative marginal productivity as surplus labor. Their movement from rural to
manufacturing will not affect the output in the agriculture sector. The wage rate in the modern
industry is equal to the marginal product of labor and higher than those in agriculture. This wage
gap creates the incentive for surplus labor move into manufacturing. Sustainable growth in
manufacturing is from the reinvestment of capital in manufacturing production. The entrepreneurs
reinvest their profit for the next period of production. Therefore, the labor demand keeps increasing
until the marginal product equals the real wage rate in the modern manufacturing sector. The
economy-wide output rises substantially. This process of endogenous growth will continue until
the manufacturing industry absorbs all surplus labor from the rural area.
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Some papers about structural change provide a descriptive statement that international
trade is a driver of resource reallocation across firms, sectors, and economies. Kuznets (1966)
comments that “economies undergoing rapid economic growth also experience a disproportionate
expansion of international trade.” Chenery et al. (1986) state that the determinants of structural
transformation include changes in the composition of consumer demand, physical and human
capital level, and access to international trade.
Matsuyama (1992) designs a two-sector model for a small open economy. Labor is mobile
across sectors. Agricultural commodities have inelastic income demand. Production functions in
both industries have diminishing return in technologies. Besides the above assumptions,
productivity in manufacturing grows endogenously over time because of the learning-by-doing
effect. In other words, the modern sector expands over time and provides extra job opportunities.
The author concludes that a small economy opening to the world will specialize in manufacturing
if it has a comparative advantage in this sector. Therefore, aggregate productivity keeps increasing
because the characteristics of learning-by-doing accelerate the growth in manufacturing
production. Uy et al. (2013) propose a three-sector, two-country model for an open economy. It
examines how cost reduction of international trade affects structural change in Korea. This paper
indicates that it is patterns of specialization and gap of productivity growth that affect labor shares
when trade costs decline.
A group of empirical studies on structural change focuses on the relationship between trade
liberalization and the contribution of labor reallocation across economic sectors to economic
growth. Fabricant (1942) proposes a standard method, shift-share analysis to decompose the
growth of productivity into the within-sector productivity change and the contribution of between
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sector labor reallocation. McMillan et al. (2011, 2014) use the shift-share analysis in Fabricant
(1942) to document the different patterns of structural change across three regions, Asia, Latin
America, and Africa. Then, the authors explore the determinants of these different patterns in
structural change using data at the macroeconomics level. They model the initial productivity gap
with labor share in agriculture, a comparative advantage with exports in primary products, labor
market rigidity, and exchange rate. The result indicates that if an economy specializes in the
primary sector, it tends to reduce the contribution of structural change. Therefore, the critical point
of trade liberalization on economic growth through labor reallocation is to which sector the
displaced labor shift.
Since labor productivity gaps exist everywhere, there is a high probability for workers to
mobilize across sectors, industries, and firms. Many papers have examined the impact of trade
liberalization on the change of domestic market, productivity, and labor share. Melitz (2003)
develops a theoretical industry model to explore resource reallocation across different firms. The
results show that trade cost reduction increases competition in the domestic market. Market shares
shift to more productive firms. Relative productive firms engage in exportable production. Least
productive firms exit and release excess labor to the local market. Pavcnik (2002) provides
empirical evidence for output share reallocation to productive firms.
Many empirical works focus on a single country using micro-level data. Attanasio,
Goldberg, and Pavcnik (2004) studies the tariff reductions on labor reallocation across the sector
in Colombia using the firm-level data from 1984-1998. They find little evidence of labor mobility
across formal sectors. Instead, the sectors with more substantial tariff reduction experienced a
decline in the wage premiums and the rising share of skilled labor in a firm before labor market
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reform. The authors use the initial level of trade protection in the year before the sample period as
an instrument for trade policy and 2SLS estimation. Menezes-Filho and Muendler (2011) find that
tariff cuts trigger worker flows across firms within manufacturing in Brazil. However, displaced
workers did not shift to either the industries with a comparative advantage or the export production
activities. Instead, they move to the services sector, become unemployed, and even out of the
labor force. This finding is in contrast to the general conclusion in structural change studies in the
sense of failure labor reallocations from low productivity sector to high productivity sector in an
economy.
Hasan et al. (2012) use the data in "employment-unemployment" surveys, which provide
the previous industry of employment. This feature of data helps the authors to study the reduction
of trade protection on the probability of becoming unemployed in a given industry. Then the
authors aggregate the industry level tariffs and NTMs to the state level with the weights of sectoral
employment shares. This paper also uses lagged trade protection as instrument variables for
contemporary tariffs and NTMs. They find that the probability of becoming unemployed drops in
states with flexible labor markets and export industries.
Little evidence supports trade-induced labor reallocation across economic sectors in the
early studies. Wacziarg and Wallack (2004) exploit labor mobility across broad economic sectors
before and after trade reform for multiple countries. They use the de jure date of trade liberalization
as a proxy variable of trade openness. The evidence is weak for 1-digit industries. Topalova (2004,
2010) examine the sectoral composition and the impact of trade policy reforms on employment in
different sectors in India. They do not find significant evidence of labor flow across different
sectors in India.
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Recently, Ahsan and Mitra (2017) find tariff reductions in each state increase employment
shares in productive industries in India. They also find that higher labor rigidity hinders growthenhancing labor mobility. My study connects the two strands of literature in trade theory and
structuralists’ view in development, by examining sector-level trade protection reduction on labor
reallocation across sectors and the direction of labor mobility.
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III. Data Description
My dataset is composed of sector-level trade variables and other economy-wide control
variables for twenty-six economies. Ten of the economies come from Asia. Nine of them are from
Latin America. The remaining eleven economies are from Sub-Sahara Africa. GGDC 10-sector
database has a collection of sectoral level value-added and employment data.
I obtain a tariff for each product from the UNTRAINS database in the World Bank. These
tariffs levy on the products under the classification of Harmonized Commodity Description and
Coding Systems (HS). HS is an international nomenclature system with six-digit codes. It is based
on customs purposes instead of economic activities. Therefore, I convert all tariffs under the HS
system to those under the International Standard Industrial Classification of all Economic
Activities (ISIC) Rev3.1 system, which is defined by the United Nations Statistics Division. Then
I use the simple average tariff for products in the same ISIC industry to represent the sector-level
tariffs.
UN COMTRADE database in United Nations provides the value of exports for all
commodities from customs. The measurement of revealed comparative advantage (RCA) requires
world export values in all industries and those in each of the ten sectors for each economy. Since
the HS system includes about 5,300 products, such measurement of RCA uses data from more than
two million observations. Then I aggregate these export values for each of the ten sectors based
on the concordance table between HS and ISIC nomenclatures and the classification of ISIC
Rev3.1.
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This paper covers the data from 1996 to 2010. I choose this period because of the data
availability for the sectoral tariffs and exports in the countries in the sample. Table1 has the
summary statistics for sectoral labor productivity in log form in 2010. It shows that labor
productivity can be very different across different sectors. The most substantial productivity gaps
appear between mining and other sectors. For example, the log form labor productivity gap in
Thailand is 4.97. It means the labor productivity in mining is 144 times more than that in the
government services sector. In Mexico, the most significant labor productivity gap is between
mining and community, social, personal services sector (CSPS). In Nigeria, such a gap also
happens between mining and other services sectors. The next largest productivity gaps exist
between the public utility sector and other sectors. Since higher labor productivity implies higher
wages, such significant gaps provide incentives for labor reallocation.
The mining and public utility sector do not absorb a large amount of labor since they are
capital-intensive sectors. Table 2 presents the employment share in each sector in 1996 and 2010,
respectively. In Asia, the employment share in mining shrinks from 0.45% to 0.38%. In Latin
America, this number goes up from 1.22% to 1.34%. It declines from 1.27% to 0.93% in Africa.
The employment share in mining and public utility sectors is smaller than in other sectors.
Therefore, it is necessary to include sectors’ effects or other indicators into the model in the next
section to represent their characteristics. It is also important to observe whether these sectors
displace more labor than average sectors, which means wrong direction labor reallocation.
Table 2 shows the employment shares in 10 sectors in 1996 and 2010. Agriculture exhibits
a smaller employment share in 2010 than that in 1996 across three regions. The only construction
sector has expanded its employment share among the four industrial sectors, mining,
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manufacturing, public utility, and construction, in each region. As a sector with high productivity,
finance, insurance, real estate, and business services sector (FIRE) also increase its hiring
opportunities in three regions. The remaining service sectors that have lower labor productivities
also have increasing employment share. In general, sectors with relatively low productivities
expand their labor share while high-productivity sectors reduce their labor demands except for the
construction sector. These changes imply that labor reallocation in some sectors may move in the
wrong direction from high-productivity sectors (above-average) to low-productivity sectors
(below-average) and reduce its contribution to aggregate labor productivity.
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IV. Methodology

In this paper, I focus on the trade effect in developing countries. The measurement of nontariff barriers is, therefore, less challenging than those in developed countries because developing
countries did not take part in the earlier negotiation of GATT and WTO (Goldberg and Pavcnik,
2005, 2016). The substantial reductions in import tariff represent the characteristics of trade
liberalization in developing countries. Most of the time, non-tariff barriers also decline in
developing countries and highly correlated with tariff reductions (Goldberg and Pavcnik, 2005,
2016).

4.1. Identify the existence of employment share change using sector-level data
I use the 10-sector data for twenty-six economies’ data over 1996-2010 downloaded from
the Groningen Growth and Development Centre (GGDC). This sector-level data allows me to
focus on the effects of trade protection reduction on employment share in a given sector over time.
The regression specification is below:
𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒

𝛽 𝑡𝑎𝑟𝑖𝑓𝑓
𝑡

where 𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒

𝛽 𝑅𝐶𝐴

𝛽 𝑁𝑇𝑀

𝜀

𝛼

𝛼

(1)

is an employment share of the 𝑖𝑡ℎ sector in the 𝑗𝑡ℎ country at time 𝑡. 𝛼 are

sector dummies that capture the time-invariant characteristics for the 𝑖𝑡ℎ sector.

𝛼

represents two region fixed effects in Latin America and Sub-Sahara Africa. Time t controls year
fixed effect, which absorbs all macroeconomic changes over time. 𝜀
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is a random error term.

In Table 2, one can observe that the rate of employment share change differs across sectors.
Some industries have a large change, while others may change slowly over time. Agriculture,
Mining, Manufacturing, Public Utilities have experienced downward changes, whereas
construction and the remaining service sectors have expanded their employment share in Asian
countries from 1996-2010. However, the average change of sector-level employment share for
each year is small for some sectors. For example, the mining sector in Asia has the lowest change
of 0.005% annually. Public utilities in Latin America has a rate of 0.001% change per year. It is
0.007% in African countries in the sample dataset.
To capture the effects of sectoral characteristics on employment share in each sector, I
include the comparative advantage in exports for a given sector in the model. RCA

stands for

Revealed Comparative Advantage, which is an indicator proposed by Balassa (1965) to measure
the competitiveness of the ith sector products in the world market. It is measured as the ratio of
exports in the ith industry to the total exports at the home country to the same ratio for the world.
Classical trade theory predicts that the comparative advantage sector can absorb more labor than
other sectors. Therefore, RCA
coefficient 𝛽 for RCA

is expected to affect employment share positively. The estimated

is positive in the model (2) of Table 1. This result provides evidence for

the classical trade theory.
The variable 𝑡𝑎𝑟𝑖𝑓𝑓
𝛽 for 𝑡𝑎𝑟𝑖𝑓𝑓

represents sectoral tariffs. The estimated result of the coefficient

is positive in the model (2) of Table 1 with regional dummies. The positive

coefficient shows that the employment share decline as sectoral tariff reduces. This result is
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consistent with classical trade theory and provides evidence of labor reallocation due to lower trade
barriers.
𝑁𝑇𝑀 represents country-level non-tariff barrier measurements. Besides import tariff, a
non-tariff barrier is another crucial form of trade restriction by the limitation of quantities and
prices of trade. The instruments of non-tariff barriers include quotas, licenses, sanctions, and levies,
etc. Economists prefer to use the term of non-tariff measure (NTM) instead of NTB to gauge nontariff trade policy. I follow this convention and use NTM in the following context.
Two commonly used gauges of NTMs are the frequency index and coverage ratio (Bowen
et al. 2016). But these indicators lack theoretical foundation. The ad valorem equivalent of nontariff measurements (NTMs) is a mapping from an NTM to an ad valorem tariff that has the same
effect on the imports as the NTM does. Kee et al. (2009) have a framework of trade theory (Leamer
1990; Trefler 1993). They estimate ad-valorem equivalents (AVEs) of NTBs for 78 developing
and developed countries so that one obtains a single measure of tariff and alternative trade policy
instruments. They regress the value of import goods on a dummy variable of NTB and HS 6-digit
tariff. The estimated coefficients compose the AVEs of NTBs. The signs of these trade protection
reduction variables should be favorable to employment share in a given sector. Hasan et al. (2012)
collect the industry-level non-tariff barriers in each state of India and find their strong correlation
with tariff reductions.
Since the industry-level non-tariff barrier is not available for the multi-country study, I use
country-level NTM estimated by Niu et al. (2018) as a determinant that may have an impact on
the employment of all economic sectors. Niu et al. (2018) apply the methodology of Kee et al.
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(2009) to obtain the AVEs of NTMs for 97 countries from 1997-2015 over every three years. They
find that NTMs decrease over time but increase during the period of the global financial crisis in
2008-2009.

4.1.1. ENDOGENEITY OF TRADE LIBERALIZATION REVIEW
In Table 2, I show that some industries have shrunk in terms of average employment share
since 1996, such as agriculture for all countries, mining in Asian and African countries,
manufacturing in Asian and Latin American countries. Such a decline in employment shares might
not due to the impact of tariff reduction. It could be the result of other economic policies.
Therefore, it is necessary to consider the potential endogeneity of trade policy.
Wacziarg and Wallack (2004) create three indicators to capture the effects of trade
liberalization. These indicators are dummy variables to represent the pre- and post-trade
liberalization period. The authors argue that it is a political or economic difficulty that motivates
a trade liberalization. The unemployment rate raises due to the crisis before trade liberalization.
The impact of trade liberalization will be underestimated. Thus, the authors remove the data in the
year of trade reform and the two years preceding it.
Golderberg and Pavcnick (2007) state that the endogeneity of trade policy in developing
countries is less severe than those in developed countries. The dispersion of tariffs is relatively
small and head to uniform level in the countries, such as Colombia, Brazil, Mexico, and India. The
industries with higher-level protection pre-reform have a larger reduction in tariffs in these
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countries. The rent-seeking lobby activities have less impact on tariff reductions during the period
of trade reform.
Hasan et al. (2012) estimate the impacts of trade policy in India. They choose two-period
lagged trade policy data as an instrument variable. The alternative one is rates of tariff and NTM
in the initial year of their sample. Since I also evaluate the effects of trade policies on employment,
I adopt the solution in Hasan et al. (2012).
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4.2. Identify the Direction of Labor Reallocation Using Country-Level Data
𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒

𝛽 ∑𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒 𝑡𝑎𝑟𝑖𝑓𝑓
𝛽 𝑅𝑖𝑔𝑖𝑑𝑖𝑡𝑦

where 𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒

𝛼

sector. α

𝜀

(2)

represents the aggregated employment share in high-productivity

sectors of country j at time t; 𝑡𝑎𝑟𝑖𝑓𝑓
∑𝑒𝑚𝑝𝑆ℎ𝑎𝑟𝑒 𝑡𝑎𝑟𝑖𝑓𝑓

𝑡

𝛽 𝑁𝑇𝑀

are tariffs for six tradable sectors in this sample.

is the aggregated tariffs with the weights of employment shares in each

and t are regional dummies and year dummies, respectively. 𝑁𝑇𝑀 are national-

level non-tariff barrier measurements. Both trade liberalization variables should have a negative
sign for country-level estimation.
The variable 𝑅𝑖𝑔𝑖𝑑𝑖𝑡𝑦

represents the local labor-market regulation rigidity, which

impedes the labor mobility across production sectors. Wacziarg and Wallack (2004) adopt the
data on severance costs for tenured workers from Heckman and Pages (2000) as labor rigidity
measurement. They divide the sample into two groups: low-job-security and high-job-security.
They find that the low-job-security group has significant and positive effects of trade liberalization
on sectoral employment. The results imply that the flexible labor market helps labor mobility.
Hasan et al. (2012) define three dummies to represent the labor market's flexible degree. These
papers show that labor-market rigidity retard the flow of labor across economic sectors.
I use the rigidity of employment index from world bank indicator documents, which has a
range from 0 to 100 from 2003-2009. The higher value represents higher rigidity. The labor
rigidity index is constructed by measurement of the firing costs, hiring costs, and the rigidity of
working hours. I combine the index from the world bank and the ones constructed by Campos and
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Nugent (2012), which contains rigidity data for 1996-2005. Then, I convert the rigidity index from
the range of 0-100 to 0-3 to make the data from two sources consistent with each other. From the
construction of rigidity, the higher rigidity value impedes the displaced labor reallocation across
economic sectors. Therefore, I expect the coefficient to be negative in country-level estimation.
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V. Result analysis
In this section, I present the regression results in my two-stage estimations. The purpose of
the first-stage estimation is to provide evidence of employment share reduction in each broad
sector due to a trade protection cut. Classical trade theory predicts that a tariff cut triggers firms to
shed off surplus labor to the labor market (Topalova 2004, 2010). I model the share of total
employment in each sector and the trade protection variable in the same regression. The sign of
the estimated coefficient of trade protection indicates whether the employment shares rise or drop.
The second-stage estimation examines the estimated effects of country-level trade
protection on the employment shares in the higher-than-average-productivity sectors. The result
will indicate whether the displaced workers shift in the correct direction to the high productivity
sector. Therefore, the evidence will imply the differential growth across three regions in terms of
the contribution of labor reallocation across sectors on national GDP growth. This result will help
interpret the puzzle in McMillan et al. (2011), which did not find any significant effects of a tariff
on GDP growth through labor shifts.
I explain the effects of each proxy variable one-by-one in the following sections. Then I
consider the effects of trade protections being conditional on the existence of other proxy variables
to obtain the overall effects on aggregate employment share in higher-than-average sectors.
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5.1.

Sector-level Results

There are nine columns in Table 3. The first three columns use sector-level tariffs as a
measurement of trade protection. The second three columns use a country-level (NTM) as an
indicator of trade barriers due to data availability. The last three columns use the combination of
tariff and NTM as overall trade protection. In each panel, the sector-level employment share
regresses on the trade protection, a sectoral characteristic in export, and the fixed effects of years
and regions. The fixed effects of years absorb the macroeconomics shocks over time. The regional
fixed effects capture the difference in employment share change due to the time-invariant regional
characteristics.
In the first three columns, the coefficients of sector-level tariffs are all positive and
significant. This result is consistent with the prediction of classical trade theory, which states that
a tariff cut makes the employment share in a sector declined. The estimated coefficients of sector
fixed effects are all negative. Since the default sector is agriculture, these results show that the
employment share declines more than that in agriculture.
Besides tariffs, and industrial characteristics can also affect sector-level employment share.
A comparative advantage sector can absorb the displaced workers and make a sector expand.
Therefore, I include the revealed comparative advantage (RCA) in the regression as a proxy
variable of comparative advantage for an economic sector. A higher RCA implies a more
absorptive capability of labor. The positive and significant coefficients of RCA in the second and
third columns indicate that when a sector has a higher-level comparative advantage, the sectoral
employment share increases. The inclusion of RCA also enhances the tariff impact on employment
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share. However, the sector effects reduced after the entry of RCA into the regression. This result
confirms the role of RCA as sectoral characteristics.
Column (1) and (2) use the method of OLS with the year and regional fixed effects.
Considering the potential endogeneity of tariff reductions, I use two-period lagged tariffs and RCA
as instrument variables for trade protection and comparative advantage. The estimated coefficients
of both tariff and RCA are still positive and significant. The coefficients for tariffs are even larger
than those in column (1) and (2). The effects of both RCA and sectors become smaller after
controlling the endogeneity of the tariff effects. The estimated result is robust across the first three
regressions.
The second three columns show the effects of NTM(NTM) of trade barriers on sectoral
employment shares. Due to data availability, I use the country-level NTM proposed by Niu et al.
(2018), which extend the estimation of Kee et al. (2009). The country-level NTM implies that it
affects all economic sectors at the same rate, which may be the reason for the insignificant result
in the column (6). As expected, the signs of NTMs in column (4) – (6) are all positive. Removing
a non-tariff barrier can reduce the employment share in an industry as a tariff cut does.
Finally, I combine the tariff and NTM as an overall trade protection level. The estimated
coefficients are all significant and positive. Their magnitudes are all greater than those in the first
six columns, which imply the complementary relationship between the two types of trade
protection. Less trade protection increases the domestic competition and shrinks an economic
sector with more labor separating from employers. The R-squared values for all fixed-effects IV
models are above 48%, which shows that all the regressions in Table 3 explain about 50% change
of employment share in a sector. There is apparent evidence that a reduction of trade protection
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does trigger the separation of labor from their job position. In the next step, I will examine which
sector the displaced workers flow to, the higher-than-average-productivity sector, or the opposite.

5.2.

Country-level Results
The purpose of the second-stage estimation is to find evidence of labor shifts toward

higher-than-average-productivity sector and therefore confirm the direction of economic growth.
Table 4.1 – 4.3 show the estimated effects of trade protection on the employment share in the
higher-than-average-productivity sector. If an estimated coefficient of a proxy variable in the
regression is negative, it indicates that the increase of this variable makes the employment share
in the higher-than-average-productivity sector declined, which implies that the displaced labor
does not shift in the correct direction to enhance economic growth. For example, if the estimated
coefficient of the aggregated tariff in the national level is negative, then an increase in tariffs reduce
the amount of labor reallocation to the higher-than-average-productivity sector. Therefore, the
economic growth from the labor shift across economic sectors declines.
I present the estimated results in Table 4.1 – 4.3 with the regression of the aggregated
employment share in the higher-than-average-productivity sector and lower-than-averageproductivity sector on the trade protection in the form of aggregated tariffs, non-tariff
measurements (NTM), and the overall trade protection level, respectively.
In Table 4.1, I use aggregated tariff weighted by sector-level employment shares as the
measurement of trade protection and aggregated employment share in higher-than-averageproductivity sectors as a dependent. In the first column, the estimated coefficient of aggregated
tariffs is negative and significant. This result indicates that the reduction of aggregate tariffs
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increases the labor shift to the higher-than-average-productivity sector. Therefore, the labor
reallocation across economic sectors contributes to the national-level economic growth. Since the
implementation of trade reform may need time to take effect, I use the two-period lag of tariffs in
the second column. The resulting coefficient of tariffs is also negative and significant. Besides,
this coefficient is large than the one in the first column in absolute value. This result implies that
the lag of tariffs (-0.067) has significant effects than the contemporaneous ones (-0.046).
In the first two columns, I only include the proxy variable of tariffs. The domestic labor
market policy may have substantial effects on labor mobility across sectors. Thus, I include a proxy
variable of labor market rigidity in the regression. The data of labor market rigidity comes from
Campos and Nugent (2012) for the rigidity index from 1996-2002 and world development
indicator (WDI) documents for the rigidity from 2003-2009. I rescale the rigidity index in WDI
from (0-100) to the range of (0-3) to make the rigidity indices from the two sources are consistent
with each other. With the existence of labor market rigidity, the sign of the coefficient of the twoperiod lag tariffs is still negative and significant except that the magnitude is smaller.
A trade protection policy usually applies to the sector that is shrinking. Other economic
policy reforms that happen at the same time may also change the level and direction of labor
reallocation when a country has a trade liberalization policy. To isolate the effect of tariffs, I use a
two-period lag of the aggregated tariffs as an instrument variable (IV) to the current national tariffs.
I present this result of Fixed Effects-IV estimation in the column (4). The sign of trade protection
is still negative and significant. The size of the tariff coefficient is even larger than the one in
column (3). In other words, the tariff effects on labor reallocation to the higher-productivity sector
are adverse, significant, and robust across models. The reduction of national-level tariffs does
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increase economic growth through the labor shifts toward higher-than-average-productivity
sectors. These results provide an answer to the puzzle in McMillan and Rodrik (2011) and
McMillan et al. (2014) in which the national level tariffs do not show any significant effects. The
reasons for their insignificant results may come from the different method of tariff aggregation
and classification of broad economic sectors.
Menezes-Filho and Muendler (2011) study the effect of trade liberalization on employment
in manufacturing in Brazil using firm and worker-level data. They find that tariff reductions cause
the employment-level to decline. However, the comparative advantage sectors do not absorb
displaced workers. More workers separate from their employment and fail to re-access the job
position in formal positions. The authors claim that the labor market in Brazil has relatively larger
rigidity than the weighted sum of its trade partners’ labor market rigidities. Therefore, Brazil
specializes in its production in the sectors with low labor turnovers (low labor productivity) instead
of comparative advantage sector after tariff cuts. Brazil’s experience shows that higher labor
market rigidity impedes the labor reallocation in the correct direction. Hasan et al. (2012)
construct three indicators of labor market rigidity for each state in India. They find that lower labor
market rigidity is helpful to increase national employment.
I add the control variable of labor-market rigidity in columns (3) and (4). The labor market
rigidity has a positive and significant coefficient. This positive coefficient means if the labor
market is more flexible (smaller), then more labor shifts towards the higher-than-averageproductivity sector. Therefore, such labor mobility enhances national economic growth. My result
is consistent with those in McMillan and Rodrik (2011) and McMillan et al. (2014) in which more
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rigidity in the labor market reduces the economic growth contributed by labor reallocation across
economic sectors.
In Table 4.1, Latin America and Africa are two dummy variables representing two different
continents. The default one is Asia. The coefficient of Latin America is positive and significant.
This result indicates that the pattern of labor reallocation in Latin America is positive and stronger
than that in Asia. The result for Africa is negative and significant on the opposite. The estimated
coefficient shows that the pattern of labor shift in the correct direction is relatively weaker than
that in Asia. At the bottom of Table 3.1 is the value of R-squared, which is above 60%. Therefore,
the models explain the more than 60% labor mobility that enhances economic growth.
In Table 4.2, I use an NTM to replace the aggregated tariff as trade protection in a country.
All of the estimated coefficients for NTM in the table are negative and significant. The signs of
these coefficients show that the removal of an NTM increases the flow of displaced workers
towards the higher-than-average-productivity sector. These results indicate that labor reallocation
can increase aggregate economic growth. Considering the endogeneity of an NTM, I use the lag
of an NTM as a regressor. The effect of an NTM is reduced in columns (2) and (3). This result is
reasonable because the effect of a trade barrier removal can be phase out over time. Then I use
the lag of an NTM as an instrument variable. The result in column (4) presents a similar result as
OLS estimation with regional fixed effects in Column (1).
Labor-market rigidity has a negative and significant impact on the employment shares in
the higher productivity sector. As labor rigidity increases, employers face a higher cost of firing
and hiring. Firms prefer to reduce wages instead of separating labor.
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Latin American and Sub-Saharan Africa are two regional dummy variables. The positive
and significant coefficients in columns (3) and (4) imply that more labor shifts to higher-thanaverage-productivity sectors in Latin America. The negative and significant results for SubSaharan Africa represent the share of labor moving towards the higher productivity sector is
relatively lower than those in Asia.
I include both aggregated tariffs and NTMs in the same regression as overall trade
protection in Table 4.3. The coefficients for both tariff and NTM are larger than those in Table 4.1
and Table 4.2. These coefficients indicate the complementary effects of tariffs and NTMs. The
including labor market rigidity reduce both effects, which rise after using the lags of trade
protection as instrument variables.
In summary, Table 4.1-4.3 shows substantial impacts of trade protections and labor-market
rigidity. The reductions of trade protections increase domestic competition and increase the labor
shifts towards higher-than-average productivity sectors. Therefore, the reductions increase the
aggregate economic growth. As a theoretical prediction, labor rigidity harms labor reallocation.
Higher firing and hiring costs lower the incentives of employers to expand or shrink the size of the
firm. The labor reallocation amount is relatively lower.
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VI. Conclusion
This paper examines the employment share changes as trade protections reduce in six
tradable sectors. In the sector level study, the trade-induced declined employment share is positive
and significant. The industrial characteristics, such as RCA in world markets, have a positive effect
and increase the employment share for a given sector.
The other goal in this paper is to figure out the direction of labor reallocation due to the
trade protection reduction. I find a significant and negative effect of the employment rigidity index
on the labor market. These results are different from those obtained in the earlier studies due to the
data availability and the change of labor-market rigidity over time across different economies.
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Appendix:
Table 1. Summary Statistics In 2010
Economywide

Sector with
Maximum

Sector with
Minimum

Labor

Labor

Labor Productivity

Labor Productivity

Productivity

Economy

Productivity

Sector

Labor
Productivity

Sector

Labor
Productivity

Gap

1

CHN

3.69

PU

5.51

OTH

1.99

3.52

2

HKG

6.06

PU

7.93

AGR

4.41

3.52

3

IDN

10.38

MIN

12.73

AGR

9.25

3.48

4

IND

4.62

PU

6.68

AGR

3.40

3.28

5

JPN

8.90

PU

10.20

AGR

7.74

2.46

6

KOR

10.43

PU

12.61

AGR

9.74

2.87

7

MYS

4.00

MIN

7.05

CON

2.94

4.12

8

PHL

5.26

PU

7.55

OTH

4.03

3.52

9

SGP

4.51

PU

5.57

AGR

2.32

3.26

10

THA

5.36

MIN

8.74

GOV

3.77

4.97

REGION
ASIA

LATIN AMERICA
11

ARG

3.53

MIN

5.57

OTH

2.58

2.99

12

BOL

2.87

MIN

5.65

CON

1.84

3.81

13

BRA

3.01

PU

5.38

OTH

1.86

3.52

14

CHL

9.28

MIN

10.95

WRT

8.35

2.60

15

COL

9.70

PU

12.48

AGR

8.87

3.61

16

CRI

8.59

TRA

9.11

AGR

8.04

1.07

17

MEX

5.16

MIN

8.09

OTH

3.75

4.34

18

PER

3.21

MIN

5.06

AGR

1.98

3.08

19

VEN

3.34

MIN

5.45

AGR

2.52

2.93
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AFRICA
20

GHA

0.67

PU

2.27

WRT

-0.07

2.34

21

MUS

5.91

MIN

6.60

OTH

5.46

1.14

22

MWI

4.28

MIN

7.50

AGR

3.51

4.00

23

NGA

5.85

MIN

10.71

OTH

4.23

6.48

24

SEN

6.96

PU

11.12

AGR

5.89

5.23

25

TZA

6.88

CON

8.90

OTH

5.84

3.05

26

ZAF

4.65

PU

5.94

AGR

2.94

3.00

Notes: sectoral labor productivity is measured by ratio of real value-added and number of employments in
a sector.
Source: the Groningen Growth and Development Centre (GGDC) 10-sector database.
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Table 2. Employment Shares In 1996 And 2010

Sector Name

1

Agriculture, hunting, forestry

Asia

LAC

SSA

1996

2010

1996

2010

1996

2010

26.59

21.06

22.16

14.40

58.44

49.68

and fishing
2

Mining and quarrying

0.45

0.38

1.22

1.34

1.27

0.93

3

Manufacturing

17.50

14.99

14.37

11.66

7.82

8.40

4

Public Utilities (Electricity, gas

0.54

0.46

0.68

0.70

0.49

0.38

and water supply)
5

Construction

7.45

7.61

6.35

7.85

3.28

3.69

6

Wholesale and retail trade,

19.53

21.61

19.95

23.59

11.95

16.64

6.14

6.59

5.71

6.96

2.51

3.34

6.23

9.06

6.21

8.99

1.96

3.42

hotels and restaurants
7

Transport storage and
communication

8

Finance insurance real estate
business services

9

Government services

7.55

9.22

7.07

7.48

6.73

8.08

10

Community social and

8.01

9.03

16.29

17.03

5.57

5.44

personals

Source: the Groningen Growth and Development Centre (GGDC) 10-sector database.

80

Table 3. Dependent Variable: Sector-Level Share In Total Employment
Tariff

NTM

Overall

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

VARIABLES

FE-OLS

FE-OLS

FE-IV

FE-OLS

FE-OLS

FE-IV

FE-OLS

FE-OLS

FE-IV

Sector-Level Tariffs

0.00106***

0.00121***

0.00127***

0.00124***

0.00154***

0.00178***

(0.000330)

(0.000306)

(0.000385)

(0.000352)

(0.000326)

(0.000404)

0.0151***

0.0130***

0.0152***

0.0125***

0.0154***

0.0129***

(0.000860)

(0.00116)

(0.000909)

(0.00122)

(0.000905)

(0.00121)

-0.252***

-0.232***

-0.217***

-0.221***

-0.209***

-0.233***

-0.210***

-0.197***

(0.00819)

(0.00766)

(0.00838)

(0.00712)

(0.00761)

(0.00792)

(0.00745)

(0.00806)

-0.134***

-0.0994***

-0.0868***

-0.0811***

-0.0717***

-0.113***

-0.0788***

-0.0689***

(0.00781)

(0.00750)

(0.00806)

(0.00728)

(0.00779)

(0.00755)

(0.00725)

(0.00776)

-0.251***

-0.209***

-0.198***

-0.203***

-0.196***

-0.232***

-0.190***

-0.181***

(0.00928)

(0.00891)

(0.0102)

(0.00823)

(0.00922)

(0.00893)

(0.00862)

(0.00972)

-0.189***

-0.149***

-0.133***

-0.136***

-0.124***

-0.169***

-0.129***

-0.116***

Sector Comparative
Advantage (RCA)
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Mining

Manufacturing

Utilities

Finance Insurance
Real Estate

(0.00816)

(0.00788)

(0.00857)

(0.00752)

(0.00810)

(0.00784)

(0.00762)

(0.00824)

Community social and -0.151***

-0.106***

-0.0915***

-0.0907***

-0.0801***

-0.131***

-0.0859***

-0.0743***

(0.00773)

(0.00840)

(0.00747)

(0.00806)

(0.00760)

(0.00749)

(0.00810)

0.00239

0.0212**

0.0217

0.0172

0.0303***

0.0343**

(0.0363)

(0.0107)

(0.0134)

(0.0117)

(0.0108)

(0.0137)

personals
(0.00789)
Country-Level NonTariff Measurement

Constant

0.209***

0.200***

0.0744***

0.205***

0.188***

0.232***

0.183***

0.166***

(0.0116)

(0.0110)

(0.0105)

(0.0212)

(0.0105)

(0.0118)

(0.0120)

(0.0115)

(0.0128)

Observations

1,849

1,849

1,465

1,713

1,713

1,354

1,713

1,713

1,354

R-squared

0.447

0.527

0.484

0.039

0.525

0.484

0.451

0.532

0.493

Year FE

YES

YES

YES

YES

YES

YES

YES

YES

YES

Sector FE

YES

YES

YES

YES

YES

YES

YES

YES

Region FE

YES

YES

YES

YES

YES

YES

YES

YES
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0.254***

Country FE
Standard errors in parentheses

YES
*** p<0.01, ** p<0.05, * p<0.1

Table 4. 1. Dependent Variable: Employment Share In Higher-Than-AverageProductivity Sector
(1)

(2)

(3)

(4)

VARIABLES

FE-OLS

FE-OLS

FE-OLS

FE-IV

Aggregated Tariff

-0.00774***

-0.00695***

(0.000342)

(0.000462)

Lag of Aggregated Tariff

-0.00799***

-0.00634***

(0.000394)

(0.000419)

Labor-Market Rigidity

Constant

-0.0600***

-0.0597***

(0.00573)

(0.00577)

0.323***

0.298***

0.359***

0.307***

(0.00764)

(0.00818)

(0.00993)

(0.00725)

-0.0154***

-0.0149***

0.0182***

0.0191***

(0.00396)

(0.00432)

(0.00543)

(0.00544)

-0.128***

-0.118***

-0.101***

-0.0998***

(0.00500)

(0.00586)

(0.00628)

(0.00631)

Observations

1,849

1,465

1,325

1,325

R-squared

0.481

0.426

0.458

0.447

Year FE

YES

YES

YES

YES

Region FE

YES

YES

YES

YES

Latin America

Sub-Saharan Africa

Standard Errors in Parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 4. 2. Dependent Variable: Employment Share In Higher-Than-AverageProductivity Sector
(1)

(2)

(3)

(4)

VARIABLES

FE-OLS

FE-OLS

FE-OLS

FE-IV

Country-Level Non-Tariff

-0.0560***

-0.0523***

(0.00997)

(0.0127)

Measurement (NTM)

Lag of NTM

-0.0448***

-0.0448***

(0.0115)

(0.0109)

Labor-Market Rigidity

Constant

-0.0885***

-0.0889***

(0.00568)

(0.00565)

0.260***

0.245***

0.353***

0.307***

(0.00852)

(0.00918)

(0.0109)

(0.00971)

-0.00555

-0.00632

0.0430***

0.0421***

(0.00428)

(0.00473)

(0.00553)

(0.00553)

-0.152***

-0.140***

-0.110***

-0.110***

(0.00584)

(0.00726)

(0.00752)

(0.00749)

Observations

1,713

1,354

1,219

1,219

R-squared

0.322

0.245

0.361

0.360

Year FE

YES

YES

YES

YES

Region FE

YES

YES

YES

YES

Latin America

Sub-Saharan Africa

Standard Errors in Parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table 4. 3. Dependent Variable: Employment Share In Higher-Than-AverageProductivity Sector
(1)

(2)

(3)

(4)

VARIABLES

FE-OLS

FE-OLS

FE-OLS

FE-IV

Aggregated tariff

-0.00854***

-0.00768***

(0.000374)

(0.000507)

-0.0969***

-0.103***

(0.00890)

(0.0123)

Country-Level Non-Tariff
Measurement (NTM)

Lag of Aggregated Tariff

Lag of NTM

-0.00853***

-0.00673***

(0.000420)

(0.000444)

-0.0918***

-0.0834***

(0.0103)

(0.0103)

Labor-Market Rigidity

Constant

-0.0591***

-0.0579***

(0.00556)

(0.00563)

0.334***

0.309***

0.368***

0.361***

(0.00813)

(0.00863)

(0.0101)

(0.00975)

-0.0105***

-0.0104**

0.0231***

0.0215***

(0.00375)

(0.00414)

(0.00524)

(0.00532)

-0.136***

-0.129***

-0.111***

-0.115***

(0.00516)

(0.00638)

(0.00689)

(0.00696)

Observations

1,713

1,354

1,219

1,219

R-squared

0.482

0.423

0.463

0.448

Year FE

YES

YES

YES

YES

Region FE

YES

YES

YES

YES

Latin America

Sub-Saharan Africa

Standard Errors In Parentheses

*** p<0.01, ** p<0.05, * p<0.1
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